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The Influence of Human Factors on Users‘ Preferences of Web-based Applications: 
A Data Mining Approach 
Abstract  
As the Web is fast becoming an integral feature in many of our daily lives, designers 
are faced with the challenge of designing Web-based applications for an increasingly 
diverse user group. In order to develop applications that successfully meet the needs 
of this user group, designers have to understand the influence of human factors upon 
users‘ needs and preferences. To address this issue, this thesis presents an 
investigation that analyses the influence of three human factors, including cognitive 
style, prior knowledge and gender differences, on users‘ preferences for Web-based 
applications. In particular, two applications are studied: Web search tools and Web-
based instruction tools.  
 
Previous research has suggested a number of relationships between these three 
human factors, so this thesis was driven by three research questions. Firstly, to what 
extent is the similarity between the two cognitive style dimensions of Witkin‘s Field 
Dependence/Independence and Pask‘s Holism/Serialism? Secondly, to what extent 
do computer experts have the same preferences as Internet experts and computer 
novices have the same preferences as Internet novices? Finally, to what extent are 
Field Independent users, experts and males alike, and Field Dependent users, novices 
and females alike? As traditional statistical analysis methods would struggle to 
effectively capture such relationships, this thesis proposes an integrated data mining 
approach that combines feature selection and decision trees to effectively capture 
users‘ preferences. From this, a framework is developed that integrates the combined 
effect of the three human factors and can be used to inform system designers. 
 
The findings suggest that firstly, there are links between these three human factors. 
In terms of cognitive style, the relationship between Field Dependent users and 
Holists can be seen more clearly than the relationship between Field Independent 
users and Serialists. In terms of prior knowledge, although it is shown that there is a 
link between computer experience and Internet experience, computer experts are 
shown to have similar preferences to Internet novices. In terms of the relationship 
between all three human factors, the results of this study highlighted that the links 
between cognitive style and gender and between cognitive style and system 
experience were found to be stronger than the relationship between system 
experience and gender.  
 
This work contributes both theory and methodology to multiple academic 
communities, including human-computer interaction, information retrieval and data 
mining. In terms of theory, it has helped to deepen the understanding of the effects of 
single and multiple human factors on users‘ preferences for Web-based applications. 
In terms of methodology, an integrated data mining analysis approach was proposed 
and was shown that is able to capture users‘ preferences. 
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Chapter 1 – Introduction 
 
This chapter will introduce the thesis context, the motivations and state the research 
aims of the thesis. The contributions of this work will be clearly stated and the 
structure of the thesis will be detailed. 
 
1.1 Context 
This thesis presents a work that encompasses multiple disciplines, touching upon 
elements from data mining, digital learning, human-computer interaction (HCI) and 
information retrieval. Whilst attempting to provide some answers to key questions 
that have eluded researchers in the field of HCI, a novel data mining analysis 
approach is employed that integrates feature selection and data mining techniques. 
The following section provides an introduction to each of these research areas. 
 
The field of human-computer interaction is concerned with how different users 
interact with computer applications (Frias-Martinez, et al., 2007). Its aim is to 
provide more user-friendly systems that are efficient and effective, with popular 
studies choosing Web search engines and Web-based instruction (WBI) tools. An 
important vein of HCI research is that of human factors, those individual human 
characteristics that affect our interaction with computer systems (Treu, 1994). 
Among many human factors, previous research suggests that cognitive style (Chen 
and Macredie, 2004; Ford, Miller and Moss, 2005), previous experience (Mitchell, et 
al., 2005; Liaw and Huang, 2006; Castañeda, Muñoz-Leiva, and Luque, 2007) and 
gender differences (Roy and Chi, 2003; Ford and Miller, 1996) significantly 
influence users‘ interactions with Web-based applications. Research into the 
relationship between these factors and their effect on users‘ preferences can help us 
to understand and develop more effective Web-based applications. 
 
The field of data mining overlaps with areas in many other fields, including 
information systems, statistics and mathematical sciences (Bohen et al., 2003). Data 
mining is the search for valuable information within large volumes of data (Hand, 
Mannila, & Smyth, 2001). This valuable information can then be used to predict, 
Chapter 1 - Introduction 2 
 
The Influence of Human Factors on Users‘ Preferences of Web-based Applications: 
A Data Mining Approach 
model or identify interrelationships (Urtubia et al., 2007) without the need to 
predefine underlying relationships between dependent and independent variables 
(Chang and Chen, 2005). When current datasets can include hundreds or even 
thousands of data items, or features, this is a very useful technique. However, human 
preferences data is often ‗noisy‘ and full of inaccurate information, which can lead to 
biased results. Therefore, a pre-processing step, such as feature selection, is 
necessary to sift through the data so that only the most relevant subsets are included 
in the mining process (Crysostomou, et al., 2008). 
 
The aim of this chapter is to introduce the areas of investigation, beginning in 
Section 1.2 with defining the problem area. Following on from that, Section 1.3 
outlines the main aims and research questions investigated in this thesis. Section 1.4 
describes the contributions of this thesis before detailing the thesis structure. 
 
1.2 Motivations 
As the Web is fast becoming an integral feature in our daily lives, more and more 
users are using Web-based applications to support their online tasks. There are many 
different Web-based applications, with Web search engines and Web-based 
instruction (WBI) programs being two of the most studied in previous research. With 
the Web becoming increasingly accessible to a wider audience, a broad range of 
users from all over the globe are now using the same applications. Each of these 
users has a different background, different skills and levels of previous experience, 
and thus will have different expectations and needs when using Web-based 
applications. This diversity presents a challenge to designers as the effectiveness of 
such applications relies upon understanding and providing interfaces that support 
each user‘s needs and preferences. As mentioned above, cognitive style, previous 
experience and gender differences have been shown to have a significant influence 
on users‘ preferences. These human factors have been widely studied in previous 
research. However, the majority of these studies have concentrated on a single 
human factor, with the researchers rarely investigating the relationship between the 
three. Every user will always have all three to some extent, so it is vital that their 
relationship, if any, is ascertained so that we can identify the combined effect they 
have on users‘ preferences. Some researchers have proposed theoretical links 
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between these three human factors, both in terms of dimensions within human factors 
(i.e. Field Dependent = Holist; Field Independent = Serialist; Internet expert = 
computer expert; Internet novice = computer novice) and in terms of the relationship 
between human factors (i.e. Field Independent = expert = male; Field Dependent = 
novice = female). The significance of an investigation that aims to identify such 
relationships would not only help to inform designers to develop more effective 
applications, but we will also gain a deeper understanding of human factors and the 
interactions between them. 
 
Many previous studies have used traditional statistical methods (e.g. ANOVA) to 
analyse the relationship between human factors and user preferences (e.g. DeTure, 
2004). Human factors data is by nature very ‗noisy‘, meaning that it can contain data 
items that are considered outliers or inaccurate data. The aforementioned statistical 
methods are not designed to cope with this issue, neither with the large and ever 
increasing amount of data that is often associated with human factors. Additionally, 
these methods require predefined assumptions to be made about dependent and 
independent variables, which could introduce bias if not accurate, especially if not 
much is known about the relationships between the variables beforehand. 
Furthermore, these methods are not able to cope with the analysis of multiple human 
factors at the same time. Therefore, a new method is needed that can overcome these 
issues. 
 
1.3 Aims and Research Questions 
The main aims of this thesis are twofold: 
 
1) To investigate the relationship between the three human factors, cognitive 
style, system experience and gender differences using users‘ preferences of 
Web-based applications. 
 
2) To identify a suitable methodology that can a) overcome the natural fuzziness 
of human preferences data, b) avoid the need to make predefined assumptions 
about the data, and c) have the ability to compare multiple human factors at 
the same time. 
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These aims will be accomplished through investigating a number of research 
questions. The three research questions (RQ) are as follows: 
 
a) In terms of cognitive style, to what extent is the similarity between the two 
dimensions Witkin‘s Field Dependence/Independence and Pask‘s Holism/ 
Serialism? (RQ1) 
 
b) In terms of system experience, to what extent do computer experts have the 
same preferences as Internet experts and computer novices have the same 
preferences as Internet novices? (RQ2) 
 
c) In terms of the relationship between the three human factors, to what extent 
are Field Independent users, experts and males alike, and Field Dependent 
users, novices and females alike? (RQ3) 
 
1.4 Contributions 
Due to the multidisciplinary nature of this study, this thesis makes a contribution to 
two different communities, including human factors and data mining. These 
contributions are described below. 
 
 Human Factors (HCI) 
With regards to the human factors community, this thesis presents a work that 
analyses not only single human factors, but also the relationships between 
human factors. This in turn provides a deeper understanding of each human 
factor and also the interactions between human factors. In this way, this work 
helps to provide answers to some key questions within the field and provide 
more detailed guidance for designers of Web-based applications.  
 
 Data Mining and Feature Selection 
This thesis presents a novel method that integrates feature selection and decision 
tree classification. In addition to proving that this method can effectively capture 
user preferences, it is also able to effectively examine the relationships between 
multiple human factors. This work will also add to the body of understanding the 
nature of different classifiers and decision tree algorithms. 
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1.5 Structure of Thesis 
Following on from this introductory chapter, Chapter 2 presents a detailed review of 
the three human factors, cognitive style, system experience and gender differences, 
and how they influence users‘ preferences for Web-based applications. In particular, 
two types of Web-based application will be examined: Web search engines and Web-
based instruction programs (WBI). In addition, modern data mining and feature 
selection techniques will be introduced and their strengths and weaknesses examined. 
 
Chapter 3 presents the first of the three studies analysed in this thesis: cognitive style. 
In this study, the effect of cognitive style on users‘ preferences will be investigated. 
More specifically, Witkin‘s Field Dependence/Independence will be compared with 
Pask‘s Holism/Serialism with the aim of discovering their similarities and 
differences. This chapter aims to answer RQ1. 
 
Chapter 4 presents the second of the three studies analysed in this thesis: system 
experience. In this study, the effect of system experience on users‘ preferences will 
be investigated by comparing Internet and computer experience. This chapter aims to 
answer RQ2. 
 
Chapter 5 presents the third and final study analysed in this thesis and combines the 
results from Chapter 3, cognitive style, and Chapter 4, system experience, with 
gender differences. This study aims to discover the relationship between the three 
human factors by identifying their similarities and differences. This chapter aims to 
answer RQ3. 
 
After summarising the results from the three studies presented in this thesis, Chapter 
6 presents a framework for designers of Web-based applications. This framework 
provides support for the considerations of the three human factors examined in this 
thesis. Such a framework is valuable in the development of effective Web-based 
applications. 
 
Finally, Chapter 7 presents the conclusions for this thesis with regard to the influence 
of human factors on user preferences of Web-based applications. This chapter will 
also discuss limitations of these studies and propose directions for future research. 
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Chapter 2 – Related Literature 
 
2.1. Introduction 
Having previously given an introduction to the aims of this thesis, this chapter will 
present a detailed review of past research regarding the influence of human factors 
on users‘ preferences of Web-based applications. In particular, three human factors, 
i.e., cognitive style, system experience and gender differences, and two Web-based 
applications, i.e., Web search engines and Web-based instruction (WBI) tools, will 
be included in this review. Furthermore, modern data mining and feature selection 
techniques will be introduced and their benefits and weaknesses explored. 
 
The aims of this chapter are therefore: 
 
• To review, analyse and present the current and existing literature regarding 
human factors and their effect on users‘ preferences of Web-based applications. 
 
• To review the different analysis techniques used in current literature to examine 
the effects of human factors on user‘s preferences of Web-based applications. 
 
• To review, analyse and present the current and existing literature regarding data 
mining and feature selection techniques. 
 
• To discover a data mining framework that can be used to analyse the effect of 
human factors on user preferences for Web-based applications. 
 
This chapter is organised as follows. Firstly, the chapter starts by defining Web-
based applications and describes the challenges faced by designers in regards to 
users‘ preferences. More specifically, two types of Web-based application are 
introduced: Web search engines and Web-based instruction (WBI) tools. 
Subsequently, the relationships between Web-based applications, human factors and 
user preferences are then introduced and the three human factors analysed in this 
study are explored. The following section then describes past and current methods of 
analysing the effects of human factors on user preferences, before reviewing and 
presenting different data mining techniques that could be used in the analysis stage. 
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2.2. Web-based Applications 
In the last two decades, we have seen the World Wide Web grow and evolve to the 
point where it has now become a primary source of information in our day-to-day 
lives (Bar-Ilan, 2005). Modern advancements in technologies mean that users now 
rely on the Web for an increasingly broad range of tasks. There have been many 
applications designed to make such tasks easier on the user, with two of the most 
widely studied being Web search tools and Web-based instruction tools. The next 
two sections describe their purposes and the current challenges that designers face. 
 
2.2.1 Web Search Tools 
The Web enables the wide dissemination of information and services (Ivory and 
Megraw, 2005) and has evolved to become the largest man-made repository of 
information with more than tens of billions of pages (Baeza-Yates and Raghavan, 
2010). Since the middle of the 1990s, there has been an increasing trend toward 
reliance on the Web for information needs, with the Web becoming a major 
information source in our daily life (Bar-Ilan, 2005). In particular, millions of people 
use search engines every day to locate information (Spink et al., 2006). Search 
engines are complex information retrieval tools because they index documents 
worldwide and are used by users with diverse backgrounds. Due to such complexity, 
efforts have been made to understand how individuals look for information and what 
factors influence their behaviour (Kim, et al., 2007). Thus, Web search engines are 
not only very widely used, but they are also increasingly studied (Spink et al., 2002). 
 
2.2.2 Web-Based Instruction Tools 
Web-based instruction (WBI) has been described as ‗a hypermedia based 
instructional programme which utilises the attributes and resources of the World 
Wide Web to create a meaningful learning environment where learning is fostered 
and supported‘ (Khan, 1998, p.63). WBI tools have become a popular alternative to 
the traditional classroom teaching methods because these virtual learning spaces are 
far more accessible to a much wider range of learners (Khan, 2005). More and more 
educational establishments, as well as companies responsible for providing training, 
are adopting this technology and are offering online learning programmes. 
Furthermore, students expect educational and training establishments to employ the 
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latest technologies to provide high quality instruction and 24/7 support (Khan, 2005). 
WBI tools provide flexible teaching and learning environments for students through 
the provision of non-linear learning (Pituch & Lee, 2006). Students have the ability 
and freedom to control their own learning (Farrell and Moore, 2000), for example, 
through the use of different navigational tools, such as a main menu, a hierarchical 
map or an alphabetical index. This ability to match their design with students‘ 
preferences is vital in ensuring the users can interact with the WBI tool in a manner 
that is effective, efficient and satisfying (Dillon and Zhu, 1997). Therefore, it is 
essential for designers to understand how students learn and what factors affect the 
ways in which they learn. 
 
In summary, it is clear that the success of both types of application relies upon the 
ability of the application to meet the needs and preferences of each individual from a 
diverse user group. If users‘ needs are successfully met, they will have a more 
effective interaction with Web-based applications and complete their tasks with more 
efficiency. There are many different factors that influence the preferences of users, 
with human factors being perhaps the most basic distinction between users. 
 
2.3. Human Factors 
Research in the area of human factors has flourished in the past two to three decades, 
especially when the World Wide Web made computing technologies accessible to a 
wider audience. Human factors can be described as those individual human 
characteristics that can affect the way we interact with computer systems (Treu, 
1994). There are many human factors, for example, age, gender, cognitive style or 
level of experience. Previous research has found that the latter three have been 
shown to significantly affect users‘ influence on preferences for the interface design 
of Web-based applications (Chen and Macredie, 2010). The following three sections 
will present a detailed explanation and analysis of each of these human factors. 
 
2.3.1. Cognitive Style 
Cognitive style is concerned with an individual‘s consistent approach to organising 
and representing information (Riding and Rayner, 1998). It is a relatively stable 
human trait as it is based upon physiological elements that are fixed or inherited and 
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therefore cannot be acquired by teaching (Jonassen and Grabowski, 1993). Research 
in the 1960s and 1970s identified a multitude of different dimensions of cognitive 
style, which included, for example: divergent/convergent (Hudson, 1966), 
reflection/impulsivity (Kagan, 1966), adaptor/innovator (Kirton, 1976), 
holism/serialism (Pask, 1976), visualizer/verbalizer (Richardson, 1977), field 
dependent/independent (Witkin et al., 1977). Among these, a large number of studies 
that investigate user preferences for Web-based applications have focussed on the 
dimensions that can be described as wholist/analytic (Riding and Sadler-Smith, 
1992), which describes the tendency for individuals to process information either as 
an integrated whole or indiscrete parts of that whole (Graff, 2003). Perhaps the most 
prominent and well-established of these dimensions is Wikin‘s Field 
Dependence/Independence (Witkin, et al., 1977). This dimension has been widely 
studied over the last three or four decades and has been proposed to share several 
similar characteristics with the lesser studied Holism/Serialism (Pask, 1979; 1988). 
The reasons for researching the Holist/Serialist dimension are threefold. Firstly, this 
dimension has been suggested to have conceptual links to the Field 
Dependent/Independent dimension. As previous studies (e.g. Chen and Macredie, 
2004; Chen and Liu, 2008) have shown that the Field Dependence/Independence 
dimension has significant effects on learners‘ preferences for the design of WBI, it 
can be assumed that the Holist/Serialist dimension is also significant because of such 
links. Secondly, previous literature has paid less attention to the Holist/Serialist 
dimension. Thirdly, and perhaps most importantly, Ford (2000) argues that the 
Holist/Serialist dimension shows potential when adapting information systems to the 
individual needs of the learners. The next two sections will introduce these two 
cognitive styles. 
 
2.3.1.1 Field Dependence/Independence 
Field Dependence refers to the ‗degree to which a learner‟s perception or 
comprehension of information is affected by the surrounding perceptual or 
contextual field‘ (Johanassen and Grabowski, 1993, p. 87). Within this dimension, 
users can be split into three categories: Field Dependent, Field Independent and Field 
Intermediate. Field Dependent individuals tend to perceive objects as a whole, 
whereas Field Independent individuals focus more on individual parts of the task 
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(Witkin, et al., 1977). Furthermore, Field Independent individuals prefer an 
analytical approach and can extract relevant cues to complete their tasks, whereas 
Field Dependent individuals prefer a more passive approach and tend to focus on the 
most salient cues, regardless of relevancy (Witkin, et al., 1977). In addition, Field 
Dependent individuals are more externally directed, whereas Field Independent 
individuals are more internally directed. Intermediate individuals are neither wholly 
Field Dependent nor wholly Field Independent, but their preferences tend to lie in 
between these two extremes. In this way, Intermediate users can have both Field 
Dependent and Field Independent characteristics. Table 2.1 provides a summary of 
the differences between Field Dependent (FD) and Field Independent (FI) 
individuals. 
 
Table 2.1. Differences between FD/FI characteristics (Witkin et al., 1977) 
Field Dependent (FD) Field Independent (FI) 
 Externally directed 
 Easily influenced by salient cues 
in the interface 
 Focus on global experience and 
struggle with individual elements 
 
 Prefer to work in groups 
 Find it difficult to process 
information and link with existing 
knowledge 
 Demonstrate fewer reasoning 
skills 
 More likely to accept ideas as 
presented to them 
 
 Internally directed 
 Influenced less by social 
reinforcement 
 Focus on analytical experience, 
good at taking individual 
elements out of context 
 Prefer to work alone 
 Process information with own 
structure from previous 
knowledge 
 Demonstrate greater reasoning 
skills 
 More likely to accept ideas 
through strengthened analysis 
 
A number of tools have been developed to measure a users‘ level of Field 
Dependence. The Group Embedded Figures Test (GEFT; Witkin, 1976) and the 
Cognitive Styles Analysis (CSA; Riding, 1991). These are described in the next 
chapter, where their advantages and limitations are analysed in terms of this study. 
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The Field Dependence/Independence dimension is widely studied in the area of Web 
searching and Web-based instruction because it shows the extent to which a learner 
is able to restructure information using salient cues and field arrangement (Weller, 
Repman, & Rooze, 1994). In addition to the table above (Table 2.1), previous 
research shows that Field Dependent and Field Independent users have clearly 
distinctive characteristics, which result in them having different preferences when it 
comes to using Web-based applications. These differences can be broadly grouped 
into three categories: content organisation, information format and information 
search strategy. 
 
Content Organisation 
In terms of content organisation, Field Independent individuals prefer it if they are 
able to choose the order in which they can process the content, whereas Field 
Dependent individuals will become confused if presented with such a choice (Chen 
and Macredie, 2004). Palmquist and Kim (2000) also found that Field Dependent 
users preferred content that provided them with a well-structured route. Direct 
guidance aids the more passive Field Dependent users to avoid experiencing lack of 
comprehension (Chen, 2000). In addition, Field Independent users prefer to have a 
larger viewing window, more so than the Field Dependent users (Riding and 
Grimley, 1999). 
 
Navigational Strategy 
Many studies have found that cognitive style is influential in deciding users‘ 
preferred navigational strategy. For example, Liu and Reed (1995) conducted a study 
involving sixty-three international college students in a hypermedia assisted learning 
language environment. Their findings showed that Field Independent users tended to 
jump from point to point using links in the index, whilst Field Dependent users 
closely followed the menu sequence provided by the authors. Dufresne and Turcotte 
(1997) also found that Field Dependent individuals prefer to have a fixed path to 
navigate in a WBI program. In another study, sixty-five postgraduate students took 
part in a hypermedia-based tutorial (Ford and Chen, 2000). Similar findings were 
identified, as Field Independent users were found to make greater use of the index to 
find information, whereas Field Dependent users preferred to acquire a more global 
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understanding from the map. Furthermore, Lee, Chen and Liu (2007) found that 
Field Independent users tended to use the main menu more than Field Dependent 
users. In addition, they also found that Field Independent users spent less time 
navigating the area than Field Dependent users. Lee et al. (2005) found that Field 
Dependent users preferred linear navigation, whilst Field Independent users preferred 
non-linear methods. This finding agrees with that of Frias-Martinez et al. (2007), 
who examined the effect of individual differences on users‘ behaviour in a Web-
based digital library. They found that Field Dependent users frequently used the back 
and forward buttons, therefore following a linear style navigation pattern. In their 
comparative review, Chen and Macredie (2002) conclude that previous research 
suggests that navigational tools, such as the map, index or find function, should be 
provided for Field Independent users. On the other hand, a more structured, step-by-
step approach should be provided for Field Dependent users that includes additional 
guidance in the form of menus or map structures. 
 
Information Seeking Strategies 
In addition to content organisation and navigational strategy, cognitive style has also 
been found to have a significant effect on users‘ information seeking strategies (Ford, 
Wood and Walsh, 1994). Field Independent users are thought to be more active in 
their information seeking strategies than Field Dependent through seeking out related 
links, such as using more references within the content (Lee, Chen and Liu, 2007). 
Kim (1997) also found that Field Independent users were more actively engaged in 
their searching tasks as they tended to use search engines, the find function and input 
URLs more frequently. In addition, Palmquist and Kim (2000) conducted an 
investigation involving 48 undergraduate students, categorising them into Field 
Dependent, Field Independent, novices and experts using the GEFT. Students were 
asked to perform factual and topical search tasks on a university website. Their 
findings indicated that Field Dependent users made more frequent use of embedded 
links. However, Chen and Liu (2008) found that Field Independent users browsed 
less pages than Field Dependent users. This suggests that Field Independent users 
have the ability to focus on the more relevant information applicable to their tasks, 
which could be because of their ability to be analytical and task orientated (Ford et 
al, 1994). Kim et al. (2004) compared the search strategies of fifty users from 
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different cognitive style groups using Web search engines. Their results showed that 
the Field Dependent group significantly demonstrated more repeated search attempts 
and total search attempts than the Field Independent group. In addition, the Field 
Dependent group also made more use of search operators. Additionally, Ford et al. 
(2005) conducted a study involving two hundred and fifty postgraduate students. 
Their results indicated that Field Dependent users used a higher level of Boolean 
searching while Field Independent users tended to use a higher level of Best 
Matching in their search queries. Furthermore, Field Independent users were found to 
make more use of the advanced search functionalities (Frias-Martinez et al., 2007).  
 
Despite the multitude of literature supporting the argument that cognitive styles have 
a significant effect on the way users interact with a system, there are a few studies 
that have failed to find a significant effect on behaviour. Shih and Gamon (2003) 
investigated this issue using the t-test and their findings suggested that Field 
Dependent and Field Independent individuals did not differ significantly in their 
learning patterns. Similarly, Huang et al. (2007) failed to find any significant 
differences between Field Dependent and Independent users. 
 
2.3.1.2 Holist/Serialist 
The Holist/Serialist construct was originally conceived by Pask (1979) and classifies 
users into Holists or Serialists. Holists are global in their approach to information 
seeking and will look for an overall picture of any given topic before focussing on 
the detail of specific parts. On the other hand, Serialists are more analytical, 
requiring in-depth detail of individual parts of a topic before seeking out links to 
achieve a broader understanding of how everything is connected (Sternberg and 
Lubart, 1996). Holists seem to be able to multitask with efficiency, focusing on many 
different aspects from different areas at the same time, whereas Serialists work from 
the bottom up, concentrating on small parts one-by-one before synthesising the 
material to gain a global understanding (Jonassen and Grabowski, 1993). A summary 
of the main differences between Holists and Serialists can be seen in Table 2.2. 
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Table 2.2. Differences between Holist and Serialist characteristics (Pask, 1979) 
Holists Serialists 
 Take a global approach and create 
conceptual links between objects 
early on. 
 Is able to move between theory and 
real world examples from the 
beginning. 
 Broad focus: likes to have more 
than one thing on the go at the same 
time. 
 Internally directed. 
 Take an analytical approach, 
examining individual topics before 
forming conceptual links. 
 Analyse theory or real world 
examples separately, only joining 
together if necessary. 
 Narrow focus: prefers to focus on 
completing one task before 
moving onto the next. 
 Externally directed. 
 
If we compare Table 2.1 and Table 2.2, it is clear that there are some basic 
similarities between the two cognitive style dimensions. More specifically, Field 
Dependent users and Holists show similarities, as do Field Independent users and 
Serialists. For example, both Field Dependent users and Holists prefer to take a 
global approach, whereas Field Independent users and Serialists prefer a local 
analytical approach. However, this is not universally true as there are some 
contradictions to this rule. For example, Field Independent users and Holist 
individuals have a tendency to be internally motivated. Thus, this suggests that 
although there are some similarities, the relationship is not strictly Field Dependent = 
Holist and Field Independent = Serialist.  
 
As mentioned in the introduction to this section, cognitive style is thought of as a 
relatively stable trait and cannot therefore be ‗learned‘ by an individual. As the 
aforementioned studies suggest, individuals with different cognitive styles will have 
different preferences when using Web-based applications. Therefore, these 
applications need to be designed in a way that is flexible enough to support users 
with all types of cognitive style. More specifically, even though Field Dependent 
users are thought to be like Holists, the differences between these may influence the 
effectiveness of interaction if the same interface is provided for both of these types of 
users. For example, Field Dependent users tend to be externally directed and will 
tend to follow the structure of the content presented to them (Witkin et al., 1977). 
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Holists, on the other hand, tend to be more internally directed and prefer to explore 
the content in their own preferred manner (Pask, 1979). Following these 
characteristics, if a suggested route is imposed upon a Holist or a Field Dependent 
user is left to explore content at their will, this could leave users feeling frustrated or 
confused and thus reducing the effectiveness of the Web-based application. 
Therefore, further research into the differences between these dimensions of 
cognitive style would be advantageous for a number of reasons. Firstly, with regards 
to practical applications, such research would help designers to create more effective 
Web-based applications. Secondly, in regards to theory, this type of research would 
help add to the body of knowledge of user characteristics that belong to each of these 
cognitive styles. Thirdly, as the Holism/Serialism dimension is less studied than the 
comparatively more popular Field Dependence/Independence dimension, studying 
the relationship between these would enable researchers to overcome this gap in 
research and perhaps begin to infer characteristics from the latter to the former. 
 
2.3.2 Prior Knowledge 
As well as cognitive style, a user‘s level of prior knowledge has been shown to 
influence their preferences for interaction in a Web-based application (Gauss and 
Urbas, 2003; Ford and Chen, 2000; Reed, Oughton, Ayersman, Giessler and Ervin, 
2000). Prior knowledge is made up of both system experience and domain 
knowledge. The former refers to users‘ knowledge of the system being used whereas 
the latter refers to users‘ understanding of the content area. As Web-based 
applications are online and involve elements of both computing and the Internet, 
previous research demonstrates that system experience, which in this case 
specifically refers to users‘ experience with using computer and Internet based 
systems (Lazonder, 2000). In addition, it has a particularly influential effect on 
students‘ learning (Minetou, Chen and Liu, 2008).  
 
The level of system experience is not necessarily shown to impact upon students‘ 
learning outcomes. However, it has been shown to affect the way that students go 
about organising their tasks (Gauss and Urbas, 2003). In their study, Shih, Munoz 
and Sanchez (2006) analysed one hundred and twenty undergraduate students who 
participated in a Web-based course that was designed to train personnel trainers to 
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apply ICT in training. They found that users with more experience took less time and 
visited fewer pages per work session to complete their tasks when compared to those 
with less experience. Similarly, Lazonder et al. (2000) used twenty five pre-
university students to examine the differences between novices, those users with low 
levels of previous experience, and experts, those users with high levels of previous 
experience. They found that users with higher levels of Web experience performed 
their tasks quicker, more accurately and in fewer actions than those with lower levels 
of experience. Furthermore, Ford and Chen (2000) found that users with higher 
levels of experience could reach a more detailed level of subject content than those 
with lower levels of experience. Hölscher and Strube (2000) found that users with 
lower levels of experience were less flexible in their searching strategies, preferring 
to return to previous stages in their search rather than attempting a new approach.  In 
addition, users with high levels of knowledge have been shown to perform searches 
that are content driven and use technical terms (Marchionini, 1998). Jenkins, 
Corritore and Wiedenbeck (2003) investigated the different search strategies 
employed by novices and experts when searching for medical data using search 
engines. They found that experts used depth-first strategies, following links one after 
another until detailed information was located. Novices, on the other hand, employed 
breadth-first strategies, using the hierarchical menu to build up an overview of the 
content without exploring content in any great detail. 
 
In addition to task organisation, previous experience has been shown to have an 
effect on the way that users approach their tasks. For example, eighteen graduate 
students took part in a study by Reed, Oughton, Ayersman, Giessler and Ervin 
(2000) that aimed to identify the extent to which prior computer-related experiences 
affected navigational patterns of students in a learning environment. They found that 
a more linear approach to navigation was taken by those that had lower levels of 
previous experience. Comparatively, those that had higher levels of previous system 
experience took a more non-linear approach.  
 
Table 2.3 summarises the differences between novices and expert characteristics. 
These studies suggest that students with higher levels of previous system experience 
have the ability to organise their tasks in a more efficient manner and are able to 
Chapter 2 – Related Literature 17 
 
The Influence of Human Factors on Users‘ Preferences of Web-based Applications: 
A Data Mining Approach 
navigate their environment in a way that suits their learning style more effectively 
than those with lower levels of system experience. It is therefore important to 
identify where the weaknesses lay in those students with lower levels of system 
experience so that interface features can be customised to support them. 
 
Table 2.3. Differences Between Novice and Expert Characteristics 
Novice Expert 
 Local mental models 
 Undirected search (trial and error) 
 Surface features 
 Mental simulation of isolated 
functions 
 Incomplete analysis  
 
 Breadth-first strategies 
 Design pieces 
 Failure to integrate pieces into a 
whole 
 Find a (any) solution 
 
 Global mental models 
 Directed search 
 Deep structures 
 Mental simulation of integrated 
functions and whole application 
 Complete analysis deferring 
details  
 Depth-first strategies 
 Design whole and add pieces 
 Integrated whole throughout the 
process 
 Find the best solution 
* Minetou, Chen and Liu (2008), adapted from Chen, Fan, and Macredie (2006) 
 
However, the term ‗system experience‘ used in the aforementioned studies includes 
both computer and Internet related experiences. The former is a general term that 
describes knowledge of any computer related experiences, whereas the latter is more 
specific and covers knowledge of the Internet and the things an individual can do 
using the Internet (Potoksky, 2007). Internet experience is concerned specifically 
with previous Internet usage, e.g. browsing the Web whereas computer experience is 
a more general term that can encompass anything from burning a DVD to setting up 
networks (Schumacher and Morohan-Martin, 2001). Up until recently, access to the 
Internet was through a keyboard and computer monitor (Durndell and Haag, 2002) 
and it was also necessary to have the knowledge of how to connect to networks. 
Therefore, it was more common to find users with more computer experience than 
Internet experience. This is due to the fact that users with lesser computer experience 
not only face difficulties in learning how to set up a keyboard and monitor, but they 
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found the technical barriers associated with connecting to the network hard to 
overcome (Kraut, et al., 1996). However, the widespread availability of home 
computing and more recent technological advances mean that users can now connect 
to the Internet without as much technical know-how, and as such it is becoming 
increasingly common to find users with equal or more Internet experience than 
computer experience.  
 
Regardless of whether currently students have more Internet experience than 
computer experience, it seems that these two types of experience involve different 
skill sets. Some research has suggested that these two types of knowledge are 
distinctive from each other (Bradlow et al., 2002), even though Internet experience is 
technically a type of computer experience. As a consequence, the majority of tools 
designed to identify users‘ previous experience include both Internet experience and 
computer experience. Furthermore, they only roughly consider the differences 
between novices or experts, instead of the different types of experience and 
associated characteristics that they have. Such a mixture may cause students to feel 
frustrated when using WBI tools because the design of these tools is not matched 
with the computing or Internet skills that they specifically have. Therefore, it is 
necessary to conduct further studies to identify the preferences of students with 
differing types of system experience, i.e. Internet experience and computer 
experience. Furthermore, this information will help to determine if computer 
experience and Internet experience can really be categorised together or whether they 
should be separated and treated as different factors. The benefit of doing this will 
help designers to provide the necessary level of support for students with differing 
levels of computer experience and Internet experience, and thus aid in the 
development of more effective Web-based application tools for the future and 
enabling students to be more confident and successful in their learning. 
 
2.3.3 Gender Differences 
Among the many individual differences, gender is perhaps the most basic and 
obvious difference between users. In the past, there has been a great divide between 
male and female usage of technology. Morahan-Martin (1998) states that, from 
childhood to adulthood, males are more likely than females to use and have more 
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favourable attitudes towards computers. In addition, previous research often found 
that males tend to have more computer experience, use many different computer 
applications and voluntarily choose to use the computer more than females 
(Modianos & Hartman, 1990; Morahan-Martin et al., 1992). Nowadays, this gap is 
rapidly disappearing as female presence increases in a multitude of professions 
(Moss et al., 2006) and women are now more likely to use the Internet at work 
(Kominski & Newburger, 1999). Indeed, Katz, Rice & Aspden (2001) report that 
women accounted for the majority of new Internet users during the period of 1997-
2000. More recent research has found that males and females have been shown to use 
computers and the Internet for different reasons. For example, males tend to use the 
Internet mainly for entertainment and leisure, whereas women tend to use it for 
interpersonal communication and for educational purposes (Weiser, 2000). Jackson 
et al. (2001) also found that women tend to use the Internet to communicate, whereas 
males tend to use it more to search for information. 
 
Despite prominent physiological differences between the sexes, Hyde (2005) argues 
that males and females generally show similar abilities on the majority of 
psychological variables. However, males and females have been shown to process 
information in very different ways. Meyers-Levy (1988) conducted a study that 
examined the effect of gender differences on information search behaviour. They 
found that males tended to process only highly available information and relied upon 
their own opinions to make faster decisions. On the other hand, females followed a 
more exhaustive search pattern and relied more on a broad variety of information 
from a wide range of external sources. This is echoed in the findings of Riding and 
Rayner (1998), where males were shown to process information to a superficial 
level, whilst females processed information to a much deeper level. Such different 
approaches to information processing mean that the two sexes will have different 
preferences for information searching tools when using Web-based applications. 
However, past research into the effects of gender on users‘ preferences of Web-based 
applications presents many conflicting and inconclusive results. The majority of 
previous research follows with the general idea that females experience more anxiety 
and thus encounter more problems whilst interacting with the application than males, 
who are more confident in such an environment (e.g. Gunnmales, McSporran, 
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MacLeod & French, 2003; Morahan-Martin, 1998; Ford & Miller, 1996). For 
example, Shashanni (1994) found females reported more feelings of fear and 
helplessness when interacting with computers, whilst males showed more interest in 
learning about computers. Furthermore, it has been shown that males are more likely 
to attribute failure to external factors, whilst women are shown to look initially to 
internal factors (Lufkin & Wiberg, 2007). In addition, many studies have found that 
men and women show different preferences in terms of layout and presentation. For 
example, female users prefer the layout to uses lighter colours, whilst male users 
prefer darker colours, i.e. black and blue (Moss et al. 2006). Another study found 
that boys preferred green and blue, whereas girls preferred red and yellow (Passig & 
Levin, 1999). 
 
In terms of content organisation, it has been found that gender is influential in 
deciding users‘ navigational patterns (Roy, Taylor & Chi, 2003). Several studies 
have found that a simple navigational system that is easy to use is very important to 
female users (e.g. Oser, 2003). Males tend to navigate in a much broader and non-
linear approach than females (Large et al, 2002). Furthermore, these authors also 
discovered that male users also tend to be more actively involved than female users, 
as they had more page jumps and spent less time viewing pages. Table 2.4 
summarises the differences in characteristics between males and females. 
 
 
Table 2.4: Differences between male and female characteristics 
Male Female 
 Broad, non-linear navigational 
approach 
 Rapid search strategies  
 Active 
 High confidence, blame external 
factors for errors. 
 Narrow, linear navigational 
approach 
 Exhaustive search strategies 
 Passive 
 Low confidence, blame internal 
factors for errors. 
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2.3.4 Cognitive Style vs. Prior Knowledge vs. Gender Differences 
In summary, it is clear that the three human factors, cognitive style, system 
experience and gender differences, have a significantly influential effect on users‘ 
preferences of Web-based applications. The previous three sections also identify 
links between different dimensions of cognitive styles (i.e. Field 
Dependence/Independence and Holism/Serialism, and Internet experience and 
computer experience). In addition to this, previous research has also highlighted the 
interaction between these three human factors. For example, Novices, Females and 
Field Dependent users are purported to display similar behaviour and preferences 
(Chen, 2000). For instance, Field Dependent users are externally directed, preferring 
to be given a suggested route through content (Witkin et al., 1977). Likewise, novice 
users lack previous experience in an environment and therefore prefer to be given a 
suggested route to help them orientate themselves. Females are generally less 
confident about using technology (Abbott & Bienvenue, 2007) so therefore they 
perform more efficiently when they have been given a suggested route. Likewise, 
this is purportedly the same for Experts, Males, and Field Independent users (Fan, 
2005). For example, Field Independent users, experts and males all have been shown 
to prefer non-linear approach to navigation (Lee et al., 2005; Large et al., 2002; 
Reed, et al., 2000). Despite these similarities, there are, however, some differences. 
For example, both Field Dependent users and males are generally more holistic in 
their approach in that they prefer to attain an overview early on and then process 
information at a more detailed level (Witkin et al., 1977; Riding, 1998). Expert users, 
on the other hand, prefer more of a depth-first approach (Jenkins, Corritore & 
Wiedenbeck, 2003), exploring each topic in detail before moving on to the next. 
These differences show that just because these types of user exhibit similar 
behaviours, it is not always correct to say that they are totally equal. Therefore, 
investigations that aim to identify the extent of the relationships between these 
factors can help to identify the needs of each type of user and thus help designers to 
increase the effectiveness of Web-based applications. 
 
The next section will describe the methods of analysis that have been and are 
currently used in studies that investigate the relationship between human factors and 
users‘ preferences for Web-based applications.  
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2.4 Analysis of Human Factors 
As is evidence in the previous section, a multitude of studies have investigated the 
influence of cognitive style, prior knowledge and gender differences on users‘ 
preferences for Web-based applications. The majority of these studies employ 
statistical tests to analyse relationships and find correlations between human factors. 
As can be seen from Table 2.5, which presents a sample of these studies, popular 
statistical methods include ANOVA or T-Tests (e.g. Mitchell, Chen & Macredie, 
2005), Pearson‘s Correlation (e.g. Chen, 2005), Multiple Regression (e.g. Ford, 
Miller & Moss, 2001) and Factor Analysis (e.g. Chuang and Tsai, 2005). Although 
many meaningful results have been found regarding the influence of a single human 
factor on users‘ preferences for Web-based applications, these statistical tests seem 
to lack the power to perform when comparing multiple human factors. 
 
There can be a number of possible reasons for this. Firstly, these techniques lack 
methods to control the quality of the data. In other words, if the quality of the data 
input into the analysis is low, the results will not accurately represent users‘ true 
preferences. In particular, human preferences data is by nature very ‗noisy‘, meaning 
it will often include data items that can be considered outliers. Consequently, the 
inclusion of these data items in the statistical analyses can introduce bias in the 
results achieved through such techniques. These data items might be colouring the 
results in a way that users‘ true preferences are hidden and thus might explain why 
some studies (e.g. Huang, et al., 2007) fail to find correlations between human 
factors or dimensions within human factors. 
 
Another possible reason lies within the requirement to make assumptions before 
running some of these tests, for example, defining dependent and independent 
variables. The chances of discovering relationships between the data are slim if they 
are neglected in the process of making assumptions (Lee, et al., 2009).  
 
Furthermore, these statistical techniques do not have the ability to sufficiently 
capture relationships between different variables. As is often the case with human 
factors, it is the interaction of one or more factors that affect user preferences. 
Therefore, a method is needed that a) is able to filter out the noisy data, b) overcome  
 23 
 
Table 2.5. Statistical Methods of Analysis in Previous Studies 
Authors Web Applications Human Factors Method of Analysis 
Web Search 
Tools 
Web-Based 
Instruction 
Tools 
Cognitive 
Style 
Prior 
Knowledge 
Gender 
Differences 
Chen (2005)  X X X X Pearson‘s Correlation 
Chen, Magoulas and 
Dimakopoulos (2004) 
X  X   Frequency tables 
Chuang and Tsai (2005)  X  X X Factor Analysis 
Cutmore, et al. (2000)  X X  X ANOVA 
Ellis, Ford and Wood 
(1992) 
 X X   Chi Squared, Pearson‘s, ANOVA 
Ford and Chen (2001)  X X  X ANOVA/T-Tests 
Ford, et al. (2002) X  X   Spearman test 
Ford, Miller and Moss 
(2001) 
X  X X X Multiple Regression, Factor Analysis 
Graff (2003)  X X   MANOVA 
Lu, et al. (2003)  X X   Frequency, Percentage, Pearson‘s 
Correlation 
Mitchell, Chen and 
Macredie (2005) 
 X  X  ANOVA, Pearson‘s Correlation 
 
 
Chapter 2 – Related Literature 24 
 
The Influence of Human Factors on Users‘ Preferences of Web-based Applications: 
A Data Mining Approach 
the need to assume relationships within the data and c) sufficiently model the 
interrelationships between variables. 
 
Researchers have attempted to overcome this problem by introducing Data Mining 
into the analysis of human factors and users‘ preferences. Data mining is the search 
for valuable information within large volumes of data (Hand, Mannila & Smyth, 
2001) by systematically exploring underlying patterns, trends, and relationships 
hidden in available data (Lee, et al., 2006). Unlike traditional statistical methods that 
try to prove a known relationship (Moss & Atre, 2003), data mining techniques use 
the data itself to predict, model or identify interrelationships within the data (Urtubia, 
et al., 2007). 
 
Data mining methods can generally be grouped into four categories: classification, 
clustering, association rules and information visualisation. The following sub-
sections will describe these in further detail. 
 
2.4.1 Classification 
Classification is a widely used technique for extracting meaningful information from 
a dataset (Baglioni et al., 2005). Classification uses algorithms to find a model that 
describes a data class or concept (Han & Kamber, 2006). By identifying a series of 
predefined labels, items can be categorised into classes according to their attributes 
(e.g. ‗age‘ or ‗gender‘). Thus, its purpose is to predict the label of a new item based 
on a set of already labelled items (Szpunar-Huk, 2006). For example, in the case of a 
bank loan clerk, classification is useful for predicting whether loan applicants are a 
‗safe‘ or ‗risky‘ investment for the bank based on the class that they belong to. In this 
way, classification techniques can be used to gain a better understanding of the 
existing data and to predict how new classes will behave (Liu & Kellam, 2003). 
 
Decision trees are one of the most frequently used classification techniques, 
employed to discover rules and relationships by systematically dividing information 
contained within data (Chen, Hsu & Chou, 2003). They classify data by constructing 
tree-like structures through a series of Boolean functions, i.e. ―yes‖ or ―no‖ questions 
based on the characteristics of a set of variables, until no more relevant branches can 
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be derived. Popular decision tree algorithms include Chi-squared Automatic 
Interaction Detection (CHAID) (Kass, 1980), Classification and Regression Trees 
(CART), (Breiman et al., 1984), and C4.5 (Quinlan, 1993). Amongst these 
algorithms, there are some differences, one of which is the capability of modelling 
different types of data. All of these algorithms can support the modelling of 
categorical data whilst only the C4.5 and the CART can be used for the modelling of 
numerical data. The other difference is the process of model development, especially 
at the stages of tree growing and tree pruning.  In terms of the former, the C4.5 splits 
a tree model into as many ramifications as necessary whereas the CART algorithm 
can only support binary splits.  Regarding the latter, the pruning mechanisms located 
within the C4.5 and CART support the removal of insignificant nodes and 
ramifications while the CHAID hinders the tree growing process before the training 
data is being overused. 
 
2.4.2 Clustering 
Classification is thought of as a supervised learning technique because it uses a set of 
predefined class labels. However, when the classes are unknown in the data, an 
unsupervised learning technique such as clustering can be applied. In this way, 
clustering can uncover previously hidden and unexpected trends or patterns in data 
because no assumptions are made regarding the structure of the data. Clustering 
involves grouping items into ‗natural‘ clusters based on their similarity to one 
another (Hand, Mannila & Smyth, 2001). Each item in a cluster is similar to those 
within its cluster, but dissimilar to those in other clusters (Roussinov & Zhao, 2003). 
Clustering is commonly used to discover groupings and populations within data. For 
example, clustering techniques can be used to identify customer affinity groups in 
order to begin to build customer profiles. 
 
2.4.3 Association Rules 
Association rules were first introduced by Agrawal, Imielinski, & Swami (1993) and 
can be defined as finding rules in transaction data that satisfy the minimum support 
and confidence constraints. Today, association rules are mainly used to find 
relationships between two or more items or to find events that occur at the same time 
in databases. These rules are normally expressed in the form (X→Y), where X and Y 
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are items. In any set of transactions, this means that those transactions containing the 
items X, generally tend to contain the items Y. A rule is usually measured by support 
and confidence, where the support is the percentage of both X and Y contained in all 
transactions and the confidence is calculated by dividing the number of transactions 
supporting the rule by the number of transactions supporting the rule body (Zhang, 
Gong & Kawamura, 2004). 
 
2.4.4 Information Visualisation 
Information visualisation is based on the core assumption that human beings perceive 
structure better in visual formats and uses visual aids to help understand these key 
relationships. The basic idea is to present the data with some graphics, e.g. 2D and 
3D graphics, allowing the human to gain insight from the data, draw conclusions, 
and directly interact with the data (Ankerst, 2001). Since the user is directly involved 
in the exploration process, shifting and adjusting the exploration goals is 
automatically done if necessary (Lopez, Kreuseler & Schumann, 2002). This 
approach is especially useful when little is known about the data and the exploration 
goals are vague. There are several well-known tools for visualization, which can be 
divided into: standard 2D/3D displays, dense pixel displays, geometrically 
transformed displays, icon-based displays, and stacked displays. These tools differ in 
how they arrange the data on the screen and how they deal with multiple dimensions 
in case of multidimensional data (Keim, 2002). No single visualisation tool will be 
suitable to address all problems so different tools must be chosen based on the task 
and data. However, easy access to external databases and a sufficient number of 
analytical methods are two important criteria for selection of suitable tools. 
 
In summary, it is clear that these four types of data mining techniques could be used 
to identify the effect of human factors on user preferences. However, classification 
appears to be the most appropriate for a number of reasons. Firstly, the class labels 
are already known for each of the human factors that will be analysed. These include: 
Field Dependent, Field Independent, Holist, Serialist, Novice, Expert, Male and 
Female. Secondly, classification techniques allow the accuracy of the classification 
results to be measured, thus providing a way to select the most accurate result to 
represent users‘ preferences. Thirdly, decision tree classification provides a visual 
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method that can represent the results in a way that can be easily interpreted. Finally, 
decision tree classification has been used successfully in a number of previous 
studies to identify the effect of human factors on users‘ preferences. 
 
For example, a study involving 129 undergraduate business students constructed a 
recommendation system using decision trees (Zhu, Greiner, and Haubl, 2003). This 
recommendation system was based upon annotated weblog data and helped the users 
to find information relevant to their search on the Web. Similarly, Liu and Kešelj 
(2007) used decision trees to automatically classify the navigational patterns of users 
to predict the next pages that were more likely to be visited next. Furthermore, Lee, 
et al., (2009) used decision trees to classify users‘ preferences for a Web-based 
learning tool. The aim of their study was to discover how cognitive style influenced 
users‘ navigational behaviour. 
 
In summary, decision tree classification would indeed provide a solution that covers 
two out of the original three goals for an ideal method for analysing the relationships 
between human factors and their influence on users‘ preferences of Web-based 
Applications. However, the performance of the classification would still be impaired 
by the inclusion of noisy or irrelevant data. Therefore, it is necessary to use an 
additional technique that would help remove such items from the dataset. Feature 
selection is a method that is popular for solving this problem and is employed used to 
minimise the effect of those items, or features, that are irrelevant by selecting 
relevant subsets from the original dataset (de Souza, Matwin and Kapkowicz, 2006). 
The following section introduces the feature selection method. 
 
2.4.5 Feature Selection 
Generally, feature selection techniques can be divided into two categories: filters, 
which produce a ranking of all features without involving any classifiers; and 
wrappers, which use classifiers to evaluate subsets and interactions of features (Yang 
and Olafsson, 2006). Although wrappers usually provide better performance (Raman 
and Ioerger, 2002), traditionally wrapper methods consider just one classifier. The 
problem with this method is that each classifier will have its own biases. Thus, each 
classifier will select a different feature subset which may lead to varying levels of 
Chapter 2 – Related Literature 28 
 
The Influence of Human Factors on Users‘ Preferences of Web-based Applications: 
A Data Mining Approach 
accuracy. Therefore, there is a need to consider multiple classifiers, instead of just 
the one classifier as is traditionally used. Identifying the features commonly selected 
by several classifiers could maximise the overall effectiveness of feature selection by 
making sure that only the most relevant subset of features is chosen (Chrysostomou, 
et al. 2008). Once this relevant subset of features is chosen, a classification technique 
can be used to illustrate the relationships between the relevant features and a 
particular target variable (e.g., cognitive styles). Among various classification 
techniques, decision trees can be used to identify the accuracy of the relevant feature 
sets. This method, which is otherwise known as wrapper-based decision trees 
(WDT), was developed by Chrysostomou (2008). The author used multiple 
classifiers from four different families, including Bayesian Networks, Decision 
Trees, Nearest Neighbour and Support Vector Machines, to select relevant features 
from two HCI datasets. The resulting feature sets were then classified using decision 
trees with the aim of identifying how the number and nature of classifiers influenced 
the selected feature sets. The results showed that using few classifiers resulted in 
many relevant features being selected, whereas using many classifiers resulted in few 
relevant features being selected. In addition, it was found that using three classifiers 
resulted in highly accurate feature sets. Regarding the nature of classifiers, Decision 
Tree, Bayesian Network and Nearest Neighbour classifiers were shown to have a 
very significant influence on the number and accuracy levels of features selected. 
 
The advantages of such a method are threefold. Firstly, using decision trees allows 
the relationships among the features to be visually demonstrated and easily 
interpreted. Secondly, there is more chance of overcoming any bias if multiple 
classifiers from different classifier families are used in the feature selection stage. 
Therefore, only highly relevant feature subsets will be selected. Finally, by 
combining highly relevant features with an accurate decision tree, more reliable 
relationships can be identified. 
 
2.5 Summary 
This chapter presented a review of the previous literature investigating the effect of 
human factors on users‘ preferences for Web-based applications. Three human 
factors were identified, including cognitive style, system experience and gender 
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differences. The review demonstrates that there is a need to conduct further research 
into the key factors that significantly affect users‘ preferences for Web-based 
applications. More specifically, cognitive style, system experience and gender 
differences were reviewed and a number of significant links were identified. In 
addition, suitable data mining tools were identified for analysis. 
 
Chapter 3 – Study 1: Field Dependent/Independent vs. Holist/Serialist 30 
 
The Influence of Human Factors on Users‘ Preferences of Web-based Applications: 
A Data Mining Approach 
Chapter 3 – Study 1: Field Dependent/Independent 
vs. Holist/Serialist 
 
3.1 Introduction 
This chapter will describe the first of the three studies examined within this thesis 
and will focus in particular on cognitive style and its effect on users‘ preferences of 
Web-based applications. Specifically, two dimensions of cognitive style are 
analysed: Witkin‘s (1976) Field Dependence/Independence and Pask‘s (1979) 
Holist/Serialist. As discussed in the previous chapter, the first of these two 
dimensions is very popular in previous studies, although the latter lacks the number 
and quality of previous works. Some researchers (e.g., Ash, 1986; Brumby, 1982; 
Entwistle, 1981; Jonassen and Grabowski, 1993; Riding and Cheema, 1991) have 
even proposed a link between the two, with the idea that Field Dependent individuals 
have similar preferences to Holists and Field Independent individuals have similar 
preferences to Serialists. Therefore, the aim of the study presented in this chapter is 
to examine the nature of this link. More specifically, the following research question 
is proposed as the goal for this particular study: 
 
 
RQ1: To what extent is the similarity between Witkin‟s Field 
Dependent/Independent and Pask‟s Holist/Serialist dimensions of cognitive 
style? 
 
 
Such an examination will make contributions to the field in a number of ways. 
Firstly, this will help to gain a deeper understanding of the preferences of users 
belonging to different cognitive style groups. Secondly, if it is indeed found that 
there is the hypothesised relationship between the two cognitive styles, we can begin 
to infer known characteristics from the well established Field Dependent/ 
Independent dimension onto the less studied Holist/Serialist dimension. This would 
be of invaluable use to researchers and designers concerned with the Holist/Serialist 
dimension. Figure 3.1 presents the framework of this study. The following sections 
describe the procedure used to collect the data and then the data mining framework
Chapter 3 – Study 1: Field Dependent/Independent vs. Holist/Serialist 31 
 
The Influence of Human Factors on Users‘ Preferences of Web-based Applications: 
A Data Mining Approach 
used to analyse the data. The findings will then be discussed and any conclusions 
will be drawn. 
 
 
 
 
 
 
 
 
 
 
 
 
 
3.2 Data Collection: Dataset 1 – Web Search Tools 
As discussed in the previous chapter, two Web-based Applications were studied 
throughout this thesis, including Web search tools and Web-based Instruction tools. 
The following sections describe the procedures involved in collecting the data related 
to Web Search Engines (Dataset 1), covering the participants involved (3.2.1.), the 
research instruments used (3.2.2.) and the experimental procedure (3.2.3.). 
 
3.2.1 Participants 
120 students from a UK university, who all had the basic computing and Internet 
skills necessary to use Web search engines, participated in this study. According to 
the results of the exit questionnaire (See Section 3.2.2.3), the participants were 
almost evenly divided among the sexes (61 males, 59 females). Likewise, the 
participants‘ cognitive styles were roughly evenly distributed, in terms of both Field 
Dependence/ Independence and Holists/Serialists. More specifically, there were 40 
Field Dependent users, 33 Field Intermediate users and 47 Field Intermediate users 
and there were 63 Holists and 57 Serialists. 
 
 
Cognitive Style 
Holist/Serialist (H/S) 
Field Dependent/ 
Independent (FD/I) 
User 
Preferences 
Web-based 
Applications 
Web-Based 
Instruction 
Web 
Searching 
Field Dependent/ 
Independent vs. 
Holist/Serialist 
 
Implications for  
Interface Design 
Figure 3.1: The framework of Study 1 
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3.2.2 Research Instruments 
The research instruments used in this study included the Cognitive Style Analysis 
(CSA), the Study Preference Questionnaire (SPQ) and an exit questionnaire. The 
CSA classified participants as either Field Dependence or Field Independent, 
whereas the SPQ identified whether participants were Holists or Serialists. 
Additionally, an exit questionnaire was used to identify users‘ preferences for 
interface features of the examined search engines, i.e. Google and Yahoo. The 
following sections introduce and explain the three types of instrument. 
 
3.2.2.1 Cognitive Styles Analysis (CSA) 
The CSA was developed after Riding and Cheema (1991) identified that the majority 
of cognitive styles fell into two broad categories: a verbal-imagery dimension and a 
wholistic-analytic dimension. The CSA includes three sub-tests, the first related to 
assessing the verbal-imagery ratio of a user and the second two are related to 
assessing the wholistic-analytic ratio. This study focuses on the latter of these two 
dimensions (i.e. Field Dependence/Independence, Holist/Serialist), so only the latter 
two tests are described here. The first of these two wholistic-analytic sub-tests 
presents items containing pairs of complex geometrical figures that the individual is 
required to judge as either the same or different. The second presents several items, 
each comprising of a simple geometrical shape, such as a square or a triangle and a 
complex geometrical figure. The individual is asked to indicate whether or not the 
simple shape is contained in a complex one by pressing one of the two marked 
response keys (Riding and Grimley, 1999).  These two sub-tests have different 
purposes. The first sub-test is a task requiring the Field Dependent capacity, whereas 
the second sub-test requires the disembedding capacity associated with Field 
Independence. In this way, Field Dependent competence is positively measured 
rather than being inferred from poor Field Independent capability (Ford and Chen, 
2001) as it is in other FD/I tests, for example, the Group Embedded Figures Test 
(GEFT). This study follows Riding's (1991) recommendations that scores below 1.03 
denote Field Dependent individuals; scores of 1.36 and above denote Field 
Independent individuals; and scores between 1.03 and 1.35 are classified as 
Intermediate.  
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Numerous papers have been published describing studies involving the CSA, giving 
it a strong background of theoretical support. In addition, many researchers have 
investigated the validity of the CSA (e.g. Riding and Cheema, 1991; Riding and 
Grimley, 1999; Riding and Rayner, 1998), with most of these studies providing 
evidence of construct validity (Rezaei and Katz, 2004). However, it must be noted 
that conflicting views are held by some researchers who have questioned the validity 
of the instrument (e.g. Peterson, Deary and Austin, 2007; Rezaei & Katz, 2004). 
These authors claim that the CSA test, in particular the verbal-imagery dimension, is 
unreliable and not internally consistent. Despite this controversy, the CSA is the 
most frequently used computerised measure of cognitive style in UK and European 
institutions (Rezaei and Katz, 2003). 
 
3.2.2.2 Study Preference Questionnaire (SPQ) 
SPQ is an 18-item inventory for assessing the strategies of Holists or Serialists. Users 
are provided with two sets of statements, one on the right and the other on the left. 
They were asked to indicate their degree of agreement with either statement, or to 
indicate no preference (Ford, 1985). This study will identify Holists and Serialists by 
using the following criteria: (a) if users agree with over half of statements related to 
Holists, they are treated as Holists; and (b) if users agree with over half of statements 
related to Serialists, they are treated as Serialists. The SPQ was chosen because it has 
been used in several previous studies (e.g. Ford and Chen, 2000; 2001). However, it 
must be noted here that its reliability remains unstudied and there are still no 
published norms (Ford et al., 2002). 
 
As shown in the above two sections, the CSA classifies users into three categories:  
Field Dependent (FD), Field Intermediate and Field Independent (FI); whereas the 
SPQ classifies users into two: Holists (H) or Serialists (S). It is noticeable here that 
there is an imbalance in the number of categories involved in the comparison. The 
Field Intermediate category is the ‗odd one out‘ as is formed of individuals whose 
tendencies are neither wholly Field Dependent nor wholly Field Independent. 
Instead, they have a mixture of characteristics from both tendencies. As a result, it is 
very hard to correctly classify Field Intermediate behaviours, which can often cause 
confusion in the results. For example, in a study by Lee, Chen and Liu (2007), the 
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majority of students who were misclassified in the decision tree were Field 
Intermediate. Therefore, there is a need to reconsider this category of user. As 
indicated in Section 3.2.1, the participants were identified as FD, Intermediate or FI 
based on the scores obtained from the CSA. The scores identified for the 
Intermediate group are between Field Dependent and Field Independent. Thus, the 
Intermediates were re-allocated based on their mean score (i.e., 1.20). More 
specifically, those users that scored below this mean were re-classified as Field 
Dependent (FD) as their behaviours were closer to this group, whilst those that 
scored above this mean were re-classified as Field Independent (FI). The new 
distributions of participants‘ cognitive styles can be seen below in Figure 3.2. 
 
 
Figure 3.2. Dataset 1 - Participants' Cognitive Style Distributions 
 
3.2.2.3 Exit Questionnaire 
The exit questionnaire for Dataset 1 consisted of 90 questions, which were designed 
to identify users‘ preferences for the interface design of search engines. These 
questions were developed based upon the well-established Neilson‘s Usability 
Heuristics (Nielson, 2001). These heuristics have been validated and adapted to study 
many Web-based applications (Nielson and Norman, 2000) and ensure a holistic 
approach to evaluating an interface to make sure that a range of issues within the 
problem space are covered (Chen and Macredie, 2005). The questions particularly 
emphasised the interface elements that were thought to be the most problematic for 
users when interacting with the system. A sample of these questions can be found 
above in Table 3.1 (the full questionnaire is listed in Appendix A). 
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Table 3.1. Examples of the questions in the questionnaire 
Section Questions 
Visibility   There is visual feedback when objects are selected. 
 The names of links and buttons are understandable. 
 You can easily identify available options. 
Consistency  Navigation buttons are consistent from one screen to another. 
 Vertical and horizontal scrolling is possible in each window. 
 Consistent colour scheme is used in the system. 
Error 
Messages 
 Error messages let you know the cause of the problem. 
 The error that you have made is highlighted.  
 Error messages suggest what action you need to take to 
correct the error. 
Flexibility  The results can be sorted in a variety of ways. 
 There is a detailed alphabetical index to help you locate 
specific information.  
 A variety of search options are available to you.  
Online Help  The help provides you with step-by-step instructions. 
 There is an alphabetical index to help you to locate 
information within the help system. 
 The help can provide you with enough information to 
illustrate common errors. 
 
 
Participants were required to respond to all the questions using a five-point Likert 
scale, including ‗very unimportant‘, ‗unimportant‘, ‗neutral‘, ‗important‘ and ‗very 
important‘. Questions were also added to gather demographic information on the 
participants, identifying their gender and the levels of their previous system 
experience in using computers and the Internet. It took approximately 15 minutes to 
fill out the whole questionnaire. 
 
3.2.3 Experimental Procedure 
The experimental procedure to collect the Web search engines dataset involved 
participants taking part in a three-phase study described subsequently. Firstly, the 
participants took the CSA (as described in Section 3.2.2.1) and the SPQ (as described 
in Section 3.2.2.2) to determine their cognitive styles, one for Field Dependence/ 
Independence and one for Holism/Serialism. 
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After identifying their cognitive styles, participants were asked to interact with two 
Web search engines for the second phase. The two search engines used in this study 
were Google and Yahoo, which are two of the most popular used to date. When 
interacting with these two search engines, the participants were asked to perform 
twenty tasks, including both browsing tasks and searching tasks, that provided them 
with the opportunity to experience the range of features offered by the search engine. 
The browsing tasks involved participants being asked to find information by 
browsing the categories within the search engine (e.g. Google Directory), whilst 
participants used only the main search box for the searching tasks. The tasks were 
designed so that each had only one right answer and covered a number of topics (e.g. 
education, literature and geography) to avoid bias to participants with particular 
subject knowledge. The tasks were evenly divided between the two search engines 
and the tasks performed on each search engine were comparable to the other in terms 
of type and scope. For example, if the participant was asked to browse for ‗The name 
of the Mayor of the City of Leeds‖ in Google, the participant would then be asked to 
browse for ‗The name of the Mayor of the City of Sheffield‖ in Yahoo. Likewise, if 
the participant was asked to search for ‗The Chief Editor of the International Journal 
of Information Management‖ in Google, the participant would then be asked to 
search for ‗The Chief Editor of the International Journal of Human-Computer 
Studies‖ in Yahoo. Participants were given an hour to complete the browsing and 
searching tasks. 
 
Upon completion of these tasks, participants were asked to fill out the exit 
questionnaire (as described in Section 3.2.2.3). The results of this questionnaire were 
collected and then taken on to the data analysis stage. 
 
3.3 Data Collection: Dataset 2 – Web-Based Instructional Tools 
The second dataset was related to users‘ preferences of Web-based Instruction tools. 
The following sections describe the procedure involved in collecting the data. 
 
3.3.1. Participants 
This dataset involved 65 postgraduate students from a UK university. A request was 
issued to students in lectures and by e-mail, making clear the nature of the study and 
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their participation. Again, the sample was evenly divided in terms of gender (32 
males, 33 females) and all volunteers had the basic computing and Internet skills 
necessary to operate a WBI tool. The participants‘ cognitive styles were roughly 
evenly distributed, in terms of both Field Dependence/Independence and 
Holists/Serialists (Figure 3.3). More specifically, there were 29 Field Dependent 
(FD) users, 36 Field Independent (FI) users, and 33 Holists (H) and 32 Serialists (S). 
 
 
 
Figure 3.3. Dataset 2 - Participants' Cognitive Style Distributions 
 
 
3.3.2. Research Instruments 
In addition to the two cognitive styles tests, the CSA and SPQ, described in sections 
3.2.2.1 and 3.2.2.2, an exit questionnaire was used to gather data in this study. This is 
described in the following section. 
 
3.3.2.1. Exit Questionnaire 
Subsequently, the participants were then asked to complete a questionnaire that 
aimed to identify their perceptions and preferences of using the WBI tool. The exit 
questionnaire consisted of 20 questions (full questionnaire can be found in Appendix 
B). To fully understand students‘ preferences, the questionnaire covered a wide range 
of aspects, including students' comprehension, preferences, and satisfaction or 
dissatisfaction with the WBI tool, interaction styles, functionality, usability, 
difficulties and problems. The questionnaire included both positively phrased 
statements (e.g. ‗The map in this tutorial gives a meaningful framework of HTML‘) 
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and negatively phrased statements (e.g. ‗I found it hard to select relevant information 
using the map‘). The statements were presented along with a five-point Likert Scale 
consisting of: ‗strongly agree‘; ‗agree‘; ‗neutral‘; ‗disagree‘; and ‗strongly disagree‘. 
Participants were required to indicate agreement or disagreement with each 
statement, by placing a check mark at the response that most closely reflected their 
opinions. 
 
3.3.3. Experimental Procedure 
After identifying the students‘ cognitive styles using the CSA and SPQ, the 
participants were asked to interact with a WBI tool. The tool consisted of an online 
tutorial, entitled ―How to use HTML‖. Although there are many programs that can 
automatically generate such code, the benefits of using such a tutorial are twofold. 
Firstly, HTML is at the centre of our online tasks, with it being the building blocks of 
the Web. As such, the majority of participants are more likely to have had previous 
exposure to HTML. This not only helps to make the participants more comfortable, 
but helps to place more of an emphasis on their interaction with the system. 
Secondly, HTML is one of the simplest and easiest languages to learn. In this way, 
technical knowledge of a detailed nature was not required as, for example, would be 
needed if a more complex language was used. Therefore, participant selection was 
not restricted only to those who were enrolled on technical degree programmes, such 
as Computer Science or Mathematics. 
 
The tutorial consisted of three main sections and included approximately 80 pages. 
Among the three sections, Section Two, ―Working with HTML‖, contained the 
majority of content and included 12 sub-topics, each of which was subsequently split 
into five parts: including an overview, detailed techniques, examples, related skills, 
and references. The interface was divided into three sections: the title bar, the 
navigational panel and the main body. The navigation panel was located at the left of 
the screen and contained several navigational methods, including a main menu, a 
hierarchical map and an alphabetical index. Figure 3.4 illustrates the interface design 
of the WBI tool. Through these interface features, students were able to freely 
navigate within the WBI tool and were provided with multiple options to explore the 
instructional material in whichever way they chose. Giving students this freedom to 
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choose their preferred method of navigation enabled their preferences for a particular 
navigation style, level of navigational support and content presentation to be 
identified. Their perceptions were identified through examining their responses to 
items in the questionnaire. 
 
 
3.4 Data Analysis 
This study aims to analyse the relationships between Field Dependence/ 
Independence (FD/I) and Holism/Serialism (H/S). The novelty of our data analysis 
lies within a data mining process, which includes two steps. Firstly, classifiers from 
two families, Bayesian Networks (BN) and Nearest Neighbour (NN), are used to 
select relevant questions from the questionnaire for each cognitive style. Secondly, 
decision trees are created with the selected relevant questions. The decision trees 
with the highest accuracies are applied to illustrate how FD/I and H/S affect users‘ 
preferences for the search engine. Figure 3.4 shows the process of data analysis, with 
the following sections describing the details. 
 
 
 
Figure 3.4: WBI Interface 
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3.4.1 Feature Selection 
To select relevant features, classifiers from two different families were used: 
Bayesian Networks (BN) and k-Nearest Neighbour (KNN). These two families of 
classifiers were chosen for a number of reasons. Firstly, they are shown to be two of 
the most influential families of classifiers in a study by Chrysostomou (2008). In 
addition, these two families were chosen because of the nature of their different 
biases. The former focuses on features that try to maximise or minimise a scoring 
metric whereas the latter focuses on selecting features that are deemed ‗closest‘ by 
some sort of imposed distance metric (Gammerman, 1997). Three classifiers from 
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Figure 3.5. Data Analysis Framework for Study 1 
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each family were chosen (Table 3.2). Three classifiers from each family were chosen 
because using three classifiers has been shown to result in highly accurate feature 
sets (Chrysostomou, 2008). These classifiers were then used to identify highly 
relevant feature sets, two for each type of application. The four-step method used to 
attain these four feature sets is described in Figure 3.6. 
 
Step 1: Each classifier algorithm was run using 10 fold cross validation. In 
other words, features were given a score that reflected in how many folds the 
feature was highlighted as relevant. For example, if the BNC classifier 
highlighted that Q15 was selected in 8 out of the 10 folds, the score for Q15 
from the BNC would be 8. 
 
Step 2: For each feature, the three classifier scores in each family were then 
averaged to give a total score of each feature per family. For example, if Q15 
scored 6(BNC), 6(NB) and 3(AODE) in the BN family, the score for Q15 
would be 5. 
 
Step 3: The average family total was then found by averaging all feature scores 
collected in Step 2. 
 
Step 4: In the final step, any features with a Step 2 score that were higher than 
the Step 3 score were included in the final feature set. To this end, two feature 
sets for both types of applications were collected. 
Figure 3.6. Four Step Feature Selection Method 
 
Table 3.2: Classifier Families 
Classifier 
Family 
Classifier 
Bayesian 
Network 
(BN) 
Bayesian Networks (BNC) 
Naïve Bayes (NB) 
Averaged-One-Dependent 
Estimates (AODE) 
k-Nearest 
Neighbour 
(KNN) 
Nearest Neighbour (NN) 
k-Nearest Neighbour (KNNC) 
K-Star (K*) 
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3.4.2 Decision Tree Classification 
Once these four highly relevant feature sets have been collected, the accuracy of 
them was verified by using decision trees. The classification was conducted using 
decision trees because they have been used with success in previous research in 
identifying characteristics of cognitive styles (e.g., Liu and Kešelj 2007). They are 
also easy to interpret and provide a way of measuring the accuracy of the feature sets 
(Hsu, Lai and Chiu, 2003). In this way, of the two classifier family feature sets, the 
two that most accurately represent the preferences of Field Independent/Dependent 
users and Holists/Serialists, in both of the datasets, was identified. 
 
Among a variety of algorithms that can be used to create decision trees, C4.5 
(Quinlan 1993), CART (Breiman et al, 1984) and CN2 (Clark and Niblett, 1989) 
have been selected. They have been chosen because they are among the most 
popular, the most established and the best tested in previous research, (e.g. Kim et al, 
2002). The analysis with these algorithms consisted of three parts. Firstly, the 
algorithm that produces the highest average classification accuracy results was 
identified. Secondly, the feature set with the highest classification accuracy was 
identified from the algorithm with the highest average. Finally, this tree was used to 
model the preferences of users and was used to compare with other cognitive style 
groups. 
 
3.5 Findings: Dataset 1 
Before beginning the data mining analysis, a simple Pearson‘s correlation was used 
to see whether there was an initial relationship between the two cognitive styles. For 
this dataset, the test revealed that there is indeed a statistically significant (p=0.00) 
relationship between Field Dependent/Independent and Holist/Serialist dimensions. 
With this in mind, the data mining analysis was run and the results for the Web 
searching dataset are discussed in the following sections. 
 
3.5.1. Feature Selection 
As discussed in the previous section, six classifiers from two different families were 
used to select two different subsets for each cognitive style. The feature sets 
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collected as a result of the feature selection stage are discussed individually by 
cognitive style and then are compared to each other. 
 
3.5.1.1. Field Dependence/Independence 
For the Field Dependent/Independent dimension, the BN and KNN classifiers 
selected 38 and 46 relevant features (Table 3.3). Both feature sets had 23 features in 
common: 
 
 Q5 (“It is easy to understand which icon has been selected.”) 
 Q12 (“The colour scheme matches with your preferences.”) 
 Q15 (“Relevant subject content appears on the same page.”) 
 Q16 (“The results are presented by the levels of the relevance.”) 
 Q21 (“Each window has a title.”) 
 Q30 (“Online instructions appear in a consistent location across screens.”) 
 Q41 (“Bold or larger fonts are used for emphasising important information.”) 
 Q43 (“When you are in trouble, you can receive feedback immediately.”) 
 Q44 (“Messages are brief and unambiguous.”) 
 Q52 (“Sound is used to indicate an error.”) 
 Q59 (“Data inputs are case-blind whenever possible.”) 
 Q60 (“Options used less frequently are located in less-convenient positions.”) 
 Q65 (“A map that shows the structure of the subject content is available.”) 
 Q66 (“The same background colour is used to present content within sections.”) 
 Q73 (“There is a detailed alphabetical index to help locate information.”) 
 Q75 (“The search engine provides you with multiple search options.”) 
 Q77 (“Only information essential to the task is displayed on the screen.”) 
 Q78 (“The title of each page is short, simple, clear, and distinctive.”) 
 Q79 (“Menu items are brief, yet long enough to describe the subject content.”) 
 Q80 (“There are some nice pictures to decorate the layout.”) 
 Q82 (“Online instructions are visually distinctive”) 
 Q88 (“Help is presented as pop-up window to let you do your task and consult 
the help system at the same time.”) 
 Q90 (“It is easy to access and return from the help system.”) 
 
 
3.5.1.2. Holist/Serialist 
For the Holist/Serialist dimension, the BN and KNN classifiers selected 35 and 30 
features respectively (Table 3.3). The two families selected the following 23 features 
in common: 
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 Q9 (“The names of links and buttons are understandable”) 
 Q10 (“High contrast colour scheme is applied to present text and background”) 
 Q15 (“Relevant subject content appears on the same page”) 
 Q21 (“Each window has a title”) 
 Q25 (“It is easy to pick up the relevant information directly.”) 
 Q26 (“You can customise the layout, e.g., change the font size or link colour.”) 
 Q30 (“Online instructions appear in a consistent location across screens.”) 
 Q31 (“Icons are clearly labelled.”) 
 Q34 (“Icons and navigation buttons are consistent on all screens.”) 
 Q37 (“When the program presents numbers, integers are right-justified and real 
numbers are decimal-aligned.”) 
 Q39 (“No more than four colours are utilised in each screen.”) 
 Q40 (“Messages are grammatically correct.”) 
 Q43 (“When you are in trouble, you can receive feedback immediately.”) 
 Q44 (“Messages are brief and unambiguous.”) 
 Q55 (“You will not get stuck when you make a mistake.”) 
 Q59 (“Data inputs are case-blind whenever possible.”) 
 Q63 (“White space creates symmetry, direct attention to appropriate direction”) 
 Q66 (“The same background colour used to present content within a section.”) 
 Q73 (“There is a detailed alphabetical index to locate specific information.”) 
 Q75 (“The search engine provides you with multiple search options.”) 
 Q77 (“Only information essential to the task is displayed on the screen.”) 
 Q78 (“The title of each page is short, simple, clear, and distinctive.”) 
 Q88 (“Help is presented as pop-up window to let you do your task and consult 
the help system at the same time.”) 
 
3.5.1.3. Field Dependence/Independence vs. Holist/Serialist 
If the findings for Dataset 1 for both types of cognitive style are compared, 11 
features are commonly selected by all families (Table 3.4). On close examination, 
these features fall into three categories: online help, information format and content 
organisation. This therefore suggests that these are three key aspects of the similarity 
in the relationship between Field Dependence/Independence and Holism/Serialism. 
 
3.5.2. Decision Tree Classification 
The second stage of the data mining methodology uses decision tree classification to 
find the most accurate feature set and then build a tree that is representative of users‘ 
preferences for that cognitive style. The following sections discuss the results 
achieved when carrying out this procedure. 
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Table 3.3: Dataset 1: Number of Features Selected per Family 
Cognitive 
Style 
Feature Sets 
Classifier 
Family 
Classifier # of 
Features 
Selected 
# of Features 
in Final Set 
Field 
Dependent/ 
Independent 
(CSA) 
BN BNC 85 
38 NB 81 
AODE 83 
KNN NN 89 
46 kNN 86 
K* 88 
Holist/ 
Serialist 
(SPQ) 
BN BNC 88 
35 NB 89 
AODE 80 
KNN NN 74 
30 kNN 87 
K* 81 
 
Table 3.4: Commonly Selected Features 
Interface Tool Features 
Online Help 
Q30 (“Online instructions appear in a consistent location 
across screens.”) 
Q43 (“When you are in trouble, you can receive feedback 
immediately.”) 
Q44 (“Messages are brief and unambiguous.”) 
Q88 (―Help is presented as pop-up window to let you do 
your task and consult the help system at the same time.‖) 
Information 
Format 
Q21 (“Each window has a title”) 
Q59 (“Data inputs are case-blind whenever possible.”) 
Q66 (“The same background colour is used to present the 
content within a section.”) 
Q78 (“The title of each page is short, simple, clear, and 
distinctive.”) 
Content 
Organisation 
Q73 (“There is a detailed alphabetical index to help you 
locate specific information.”) 
Q75 (“The search engine provides you with multiple 
search options.”) 
Q77 (“Only information essential to the task is displayed 
on the screen.”) 
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3.5.2.1 Field Dependent/Independent 
As can be seen from Table 3.5, the algorithm that performed the best overall was 
CN2. Although both the BN and KNN feature sets classified with the same accuracy 
(99.20635%), the BN feature set was chosen as the resulting tree produced was more 
evenly balanced with similar numbers of branches on both sides of the tree. In 
addition, this tree highlighted the differences between FI and FD users more clearly. 
 
Table 3.5. Field Dependent/Independent (CSA) Classification Accuracies 
Feature 
Set 
Decision Tree Algorithm 
C4.5 CART CN2 
BN 93.3333 89.1667 99.20635 
KNN 96.6667 88.3333 99.20635 
Total 
Average 
(%) 
95 88.75 99.20635 
 
 
The Field Dependent/Independent tree (Figure 3.7) shows that there are six features 
that were key considerations in identifying the differences in preference of FI and FD 
users. In addition, the decision rules derived from this tree are shown in Table 3.6. 
The root node in the tree is Q75 (―search engine provides multiple options‖), which 
very clearly categorises the two types of users. Users who thought having multiple 
options for the search engine was ‗very unimportant‘ or ‗unimportant‘ are FI, while 
users who thought it ‗important‘ or ‗very important‘ are FD. Q59 (―data inputs are 
case-blind whenever possible.‖) also neatly splits the preferences of FI and FD users, 
with the latter preferring to have inputs case-blind over the former. Q15 (―relevant 
subject content appears on the same page‖) and Q16 (―the results are presented by 
the levels of the relevance‖) also illustrate the differences in preferences between FD 
and FI users. Users who preferred results to be presented by level of relevance and 
for relevant content to have appeared on the same page were FI users, whereas FD 
users thought that having results presented by level of relevance was ‗unimportant‘. 
Although Q36 (―messages are appropriate, inoffensive, non-hostile or violent‖) and 
Q65 (―a map that shows the structure of the subject content is available‖) did not 
clearly show the split between preferences for the two different types of users, 
nevertheless they showed that FI users thought it ‗very important‘ that messages
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Figure 3.7: Dataset 1 – Field Dependent/Independent Decision Tree 
Table 3.6. Decision Rules for Field Dependent/Independent Decision Tree 
Dataset FI/FD Decision Rules 
Dataset 
1: Web 
Searching 
FD 
If user thinks it very important or important for the search 
engine to have multiple options, user is Field Dependent. 
FD 
If user thinks that it is unimportant to have results 
presented by relevance, they are Field Dependent. 
FD 
If user thinks it is very important to have case-blind data 
inputs, they are Field Dependent. 
FD 
If user thinks it is very important to have a map of the 
content structure, they are Field Dependent. 
FI 
If user thinks it is unimportant or very unimportant for 
the search engine to have multiple options, they are Field 
Independent. 
FI 
If the user thinks it is important to have results presented 
by level of relevance, they are Field Independent. 
FI 
If the user thinks it is very important to have results 
presented by level of relevance and it is very important 
for relevant content to appear on the same page, they are 
Field Independent. 
FI 
If the user thinks it is very unimportant to have case-blind 
data inputs, they are Field Independent. 
FI 
If the user thinks it is very important to have appropriate, 
inoffensive messages, they are Field Independent. 
KEY 
FI    =   Field Independent 
FD   =   Field Dependent 
VI    =   Very Important 
I      =   Important 
U     =   Unimportant 
VU   =   Very Unimportant 
Q75 
Search engine has 
multiple options 
FI 
VU VI I U 
FI FD FD 
Q16 
Results are presented by 
level of relevance 
FD FI 
Q15 
Relevant content appears 
on the same page 
FI 
U I VI 
VI 
Q59 
Search engine has 
multiple options 
FI FD 
VU VI 
Q36 
Appropriate, inoffensive 
messages 
FI 
VI 
Q65 
There is a map of content 
structure available 
FD 
VI 
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were appropriate and inoffensive and FD users thought it was ‗very important‘ to 
have a map of the content structure available. Interestingly, four of the five features, 
i.e., Q15, Q16, Q65 and Q75, identified in this tree were in the small selection of 
features commonly selected by all of the classifiers in both families for FD/I in Step 
1. This suggests that these four features were the most relevant features that classify 
FD and FI users the most accurately. 
 
3.5.2.2 Holist/Serialist 
The CART algorithm produced the highest average classification accuracy of 
87.08335 (Table 3.7), so the most accurate feature set from this algorithm, BN with 
87.08335%, was then used to build a decision tree. As shown in Figure 3.8, and the 
decision rules displayed in Table 3.8, nine features played a key role in determining 
the differences between Holists and Serialists. Among these nine features, four, i.e., 
Q9, Q21, Q37 and Q75, were within the set of seven features commonly selected as 
relevant by all of the classifiers in Step 1. This suggests that these four features were 
the most relevant features that classify Holists and Serialists. In particular, Q75 is 
very prominent and can be seen at the top level, signifying that this was the most 
important feature that can determine the differences between the two types of user 
most accurately.  
 
However, the differences between Holists and Serialists cannot be defined through 
the use of just one question, like the FI/FD tree showed. Conversely, in the 
Holist/Serialist tree a combination of questions was needed to discover the 
differences between these two types of user.  For example, if a user thought it was 
‗very unimportant‘ or ‗important‘ for search engines to have multiple options (Q75), 
and they thought that it was important that numbers were right hand justified and 
decimal aligned (Q37), and it was very important for pages to be clearly marked with 
a label that indicated the subject content (Q1), the user was likely to be a Holist. 
Conversely, if a user thought Q75 was ‗unimportant‘ or ‗very important‘ and they 
thought it ‗important‘ that relevant subject content appeared on the same page (Q15), 
then the user was likely to be a Serialist.  
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Table 3.7: Holist/Serialist (SPQ) Classification Accuracies 
Feature 
Set 
Decision Tree Algorithm 
C4.5 CART CN2 
BN 85 87.5 75.83333 
KNN 85 86.6667 76.6667 
Total 
Average 
85 87.08335 76.25002 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.8: Dataset 1 Holist/Serialist Decision Tree 
KEY 
FI    =   Field Independent 
FD   =   Field Dependent 
VI    =   Very Important 
I      =   Important 
U     =   Unimportant 
VU   =   Very Unimportant 
Q15 
Relevant content appears 
on the same page 
Q75 
Search engine has 
multiple options 
Q37 
Numbers should be right 
hand justified and decimal 
Q78 
Page titles are short, 
simple, clear, distinctive 
Q1 
Every page clearly labelled 
with subject content 
Q21 
Each window has a title 
Q65 
Map of content structure 
is available 
Q9 
Results are presented by 
level of relevance 
Q43 
When troubled you receive 
feedback immediately 
H S 
VI I, U, VU 
S H S H H S 
S 
H 
VU, I U, VI 
I I 
I 
VU, U, VI VU, U, VI 
VU, U, VI VI I, U, VU U VU, I, VI 
U, I VU, VI I VU, U, VI 
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Table 3.8. Decision Rules for Holist/Serialist Decision Tree 
Dataset H/S Decision Rules 
Dataset 1: 
Web 
Searching 
H 
If the user thinks it very unimportant or important for search engine to have 
multiple options, AND it is important that numbers should be right hand 
justified and decimal aligned, AND it is very important that page is clearly 
labelled with subject content, they are Holist. 
S 
If the user thinks it is unimportant or very important for the search engine to 
have multiple options, AND it is important for relevant content to appear on 
the same page, they are Serialist. 
H 
If the user thinks it unimportant or very important for search engine to have 
multiple options, AND it is very unimportant, unimportant or very important 
for relevant content to appear on the same page, AND it is very unimportant 
or very important for each window to have a title, they are Holist. 
H 
If the user thinks it unimportant or very important for the search engine to 
have multiple options, AND it is very unimportant, unimportant or very 
important for relevant content to appear on the same page, AND it is 
unimportant or important for each window to have a title, AND it is very 
important to have a map of the content structure, they are Holist. 
S 
If the user thinks it is unimportant or very important for the search engine to 
have multiple options, AND it is very unimportant, unimportant or very 
important for relevant content to appear on the same page, AND it is 
unimportant or important for each window to have a title, AND it is very 
unimportant, unimportant or important to have a map of the content 
structure, they are Serialist. 
S 
If the user thinks it is very unimportant or important for the search engine to 
have multiple options, AND it is important that numbers should be right 
hand justified and decimal aligned, AND it is very unimportant, unimportant 
or important that every page is clearly labelled with subject content, they are 
Serialist. 
S 
If the user thinks it is very unimportant or important for the search engine to 
have multiple options, AND it is very unimportant, unimportant or very 
important that numbers should be right hand justified and decimal aligned, 
AND it is important that the title of each page is short, simple, clear and 
distinctive, AND it is unimportant that feedback is received immediately, 
they are Serialist. 
H 
If the user thinks it is very unimportant or important for search engine to 
have multiple options, AND it is very unimportant, unimportant or very 
important that numbers should be right hand justified decimal aligned, AND 
it is important that the title of page is short, simple, clear and distinctive, 
AND it is very unimportant, important/very important that feedback 
received immediately, they are Holist. 
S 
If the user thinks it is very unimportant or important for the search engine to 
have multiple options, AND it is very unimportant, unimportant or very 
important that numbers should be right hand justified and decimal aligned, 
AND it is very unimportant, unimportant or very important that the title of 
each page is short, simple, clear and distinctive, AND it is important that the 
names of links and buttons are understandable, they are Serialist. 
H 
If the user thinks it is very unimportant or important for the search engine to 
have multiple options, AND it is very unimportant, unimportant or very 
important that numbers should be right hand justified and decimal aligned, 
AND it is very unimportant, unimportant or very important that the title of 
each page is short, simple, clear and distinctive, AND it is very unimportant, 
unimportant or very important that the names of links and buttons are 
understandable, they are Holist. 
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In summary, it seems that the differences between Holists and Serialists are not as 
clearly divided as those of FI and FD users. More specifically, the results observed 
from the Holist/Serialist tree seem at times controversial as some of the branches do 
not follow as logical an argument as the FI/FD tree. For example, the branch of Q75 
groups users together whose preferences are ‗very unimportant‘ and ‗important‘, or 
‗unimportant‘ and ‗very important‘. This is probably related to the instrument used to 
identify the Holists and Serialists in this study. As described in Section 3.2.2., the 
SPQ was used to identify the participants as Holists and Serialists, but the reliability 
of the SPQ is not yet validated, which may thus influence the accurateness of the 
Holist/Serialist tree and the logicalness of each condition. 
 
3.5.2.3 Field Dependent/Independent vs. Holist/Serialist 
If the two decision trees (Figure 3.7 and 3.8) are compared, it is clear to see that there 
are two features that appear in both trees: Q9 and Q75. The most prominent 
similarity that can be seen between the two cognitive styles is Q75. It is quite clear 
that FI and FD users were divided through their preferences for this question. 
Although the Holism/Serialism classification cannot be as easily determined as FD/I, 
nevertheless Q75 was used as the root node – the one feature that most accurately 
separated users into Holists and Serialists. This would suggest that the preference for 
having multiple options in the search engine (Q75) was very relevant to both 
cognitive styles. More specifically, FD users thought it was important to have 
multiple options while FI users thought it was unimportant. In other words, FD users 
prefer to have lots of options available to them as they prefer to take a global 
approach (Witkin, et al., 1977). In comparison, FI users do not think that having 
many options available is important because they tend to be more analytical and 
prefer to focus only on a specific part. Likewise, Holists prefer to have more options 
than Serialists as the former tend to take a holistic approach, whilst the latter focus 
more on procedural details (Pask, 1979). To address such differences, there is a need 
to provide personalised interfaces. The personalised interface for Field Dependent 
users or Holists would display all of the available options. On the other hand, only 
the options that are relevant to their current tasks would be shown to Field 
Independent users or Serialists. In other words, any irrelevant options will be hidden 
so that the Field Independent users are not confused.  
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Two other similarities can be seen in the two trees. Firstly, Q65 appears in both trees. 
With the FD/I tree, users who thought it was very important to have a map that 
showed the structure of the content were FD users. With the results from 
Holism/Serialism, users who thought this important were Holists. In other words, 
there is a similarity between FD users and Holists. Secondly, Q15 also appears in 
both trees. In the FD/I tree, users who thought it ‗very important‘ that relevant 
subject content appeared on the same page were FI users. However, in the 
Holism/Serialism tree, users who thought this ‗very important‘ could not be as easily 
classified as Holist or Serialist without further looking at either Q21 and/or Q65. It 
reveals that the similarity between FI users and Serialists is not as clear as FD users 
and Holists. 
 
3.5.3 Statistical Significance 
In addition to the aforesaid data mining methods, other conventional methods were 
also used to identify the relationship between FD/I and Holism/Serialism. Table 3.9 
presents the number of the participants in each dimension of the cognitive style. As 
shown in this table, there are more FD/Holists than FD/Serialists and there are more 
FI/Serialists than FI/Holists. This demonstrates that there is indeed a marked 
similarity between FD users and Holists and between FI users and Serialists. 
 
Table 3.9. Distribution of Participants’ Cognitive Styles 
 Field 
Independent 
Field 
Dependent 
Total 
Holist 25 38 63 
Serialist 34 23 57 
Total 59 61 120 
 
Furthermore, statistical tests were run on the original dataset including all 90 features 
because they have been widely used in the studies of cognitive styles (e.g., Ford, et 
al., 2005). Thus, we check whether the features identified in Section 4.2 were also 
statistically significant. More specifically, these features were checked against the 
results of the t-test (Table 3.10). Although there were more features identified as 
relevant to Holists and Serialists, the results of the t-test show that only three of the 
nine are statistically significant (p<0.05). However, five of the six features identified 
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as relevant to Field Dependent/Independent users are shown to be statistically 
significant. This suggests the possibility of the results related to Holism/Serialism not 
being so reliable. One possible reason for this could be that FD/I was identified by 
using the CSA whilst Holism/Serialism was categorised by the SPQ. The former is 
more established and better tested than the latter. Alternatively, the preferences of 
FD and FI users seem to be clearer and more easily identifiable than those of 
Holists/Serialists. However, Q75 is statistically significant to both cognitive styles. 
 
Table 3.10. Statistical Significance of Features (p<0.05) 
Field Dependent/Independent Holism/Serialism 
Q15 
Q16 
Q59 
Q65 
Q75 
Q9 
Q37 
Q75 
 
3.5.4 Summary 
In summary, the results from Dataset 1 identify three major findings. Firstly, the 
results confirm that there is indeed a fundamental link between the two cognitive 
styles. This is demonstrated by the repeated emphasis of Q75 in all steps. In Step 1 
(feature selection), this feature was the only commonality in the feature sets selected 
for both cognitive styles. Step 2 (classification) showed that Q75 clearly separates 
the preferences of FI and FD users and appeared as the root node in the 
Holist/Serialist tree, allowing for the most accurate separation of Holist and Serialist 
users‘ preferences. In addition, further analysis finds this question statistically 
significant to both cognitive styles. 
 
Secondly, we have confirmed that there are some similarities between FD users and 
Holists and between FI users and Serialists. However, the results suggest that the 
similarities between the latter are more prominent than the former. For example, the 
classification step highlights the similarity between FD users and Holists through the 
appearance of Q75 and Q65 in both of the decision trees. Nonetheless, the similarity 
between FI users and Serialists only lies within Q75. Finally, the third and perhaps 
most significant finding clearly relates the characteristics of users to preferences 
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regarding search engines. More specifically, the results show that the preferences FI 
and FD users have for the interface design of search engines can be separated more 
clearly and logically than those of Holists and Serialists, suggesting that identifying 
the different preferences of Holists and Serialists is more complex. For example, the 
classification step shows that Q75 and Q59 allow for a clear split in preferences 
between FI and FD users, with the former finding them unimportant and the latter 
users finding them important. However, to identify the preferences of Holists or 
Serialists, a combination of more than one feature is needed. 
 
3.6 Findings: Dataset 2 – Web-Based Instruction Tool 
 
3.6.2 Feature Selection 
As discussed in the previous section, six classifiers were used from two different 
families to select two relevant subsets for each cognitive style. 
 
3.6.2.1 Field Dependent/Independent 
For the Field Dependent/Independent dimension, the BN and KNN classifiers 
selected 9 and 8 relevant features respectively (Table 3.11). Both feature sets had 
five features in common: 
 
 Q9 („It is hard to use back/forward buttons‟),  
 Q11 („the links provided in this tutorial help me to discover relationships 
between different topics‟),  
 Q14 (‗After using this system I can easily use my knowledge to design home 
pages‘),  
 Q15 (‗I found it hard to select relevant information using the map‟), 
 Q19 (‗This tutorial can be used sufficiently well without any instructions‟).   
 
3.6.2.2 Holist/Serialist 
The BN and NB classifiers selected 6 and 10 features relevant to Holist/Serialist 
(Table 3.11). Again, both of these feature sets had five features in common: 
 
 Q2 (‗Examples given in this tutorial are not practical‘),  
 Q7 (‗I would like to have had more examples‘),  
 Q9 (‗It is hard to use back/forward buttons‘),  
 Q15 (‗I found it hard to select relevant information using the map‘),  
 Q18 (‗It is easy to find specific information for a task with the index‘). 
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Table 3.11: Dataset 2 – Number of Features Selected per Family 
Cognitive 
Style 
Feature Sets 
Classifier 
Family 
Classifier # of 
Features 
Selected 
# of Features 
in Final Set 
Field 
Dependent/ 
Independent 
(CSA) 
BN BNC 17 
9 NB 15 
AODE 10 
kNN NN 16 
8 KNN 20 
K* 14 
Holist/ 
Serialist 
(SPQ) 
BN BNC 13 
6 NB 10 
AODE 14 
kNN NN 16 
10 KNN 10 
K* 13 
 
 
3.6.2.3 Field Dependent/Independent vs. Holist/Serialist 
If these findings are compared, two features appear as both relevant to Field 
Dependent/Independent and Holist/Serialist: Q9 and Q15. This suggests that these 
two features are the most relevant to each of the cognitive style dimensions. It is 
worth noting that both of these features refer to the way a user prefers to navigate 
through the subject. It implies that these two dimensions of cognitive styles have a 
close relationship with users‘ navigation preferences. 
 
3.6.3 Decision Tree Classification 
Once the feature sets were identified, classification was then performed to identify 
the most accurate feature set. This feature set was then used to build a decision tree, 
which can illustrate users‘ preferences of WBI programs. Table 3.12 shows the 
classification accuracies for the Field Dependent/Independent feature sets. The C4.5 
algorithm had the best overall average and performed the most accurately using the 
KNN feature set. Table 3.14 shows the classification accuracies for the 
Holist/Serialist feature sets. The CN2 algorithm performed the most accurately, with 
both feature sets having the same highest classification accuracies. 
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Having identified the feature sets that produced the highest classification accuracies, 
they are assumed to be the ones that most accurately contain the characteristics of 
each cognitive style group. Therefore, these feature sets are presumed to most 
accurately represent the different types of users‘ preferences for WBI. Figure 3.9 
shows the decision tree produced for the most accurate Field Dependent/Independent 
feature set with Table 3.13 showing the decision rules derived from this tree. Figures 
3.10 and 3.11 show the decision trees produced from the two equally accurate 
Holist/Serialist feature sets, with Table 3.15 showing the decision rules derived from 
these trees. When these chosen decision trees are compared, three main similarities 
can be seen through features Q9, Q6 and Q18. Q9 (‗It is hard to use back/forward 
buttons‘) appears prominently in both the FI/FD and the Holist/Serialist trees. In 
both, the differences between the two categories are clear. For example, in the FI/FD 
tree, FI users are shown to strongly disagree with Q9 whereas FD users agree or 
strongly agree. Alternatively, in the Holist/Serialist tree, Holists are shown to agree 
whereas Serialists are shown to disagree/strongly disagree. Back/forward buttons are 
used to help users explore the content in a non- linear way. This finding suggests that 
the Field Independent users and Serialists in this study show a similar preference for 
linear navigation, whereas Field Dependent users and Holists prefer to navigate in a 
much more non-linear manner. Such a finding agrees with the known characteristics 
of Holists and Serialists. Holists have been shown to prefer a much more global 
approach, following links to get an overall understanding before going into detail, 
whereas Serialists prefer linear navigational methods as they tend to take a local 
analytical approach that covers each area in detail before moving on to the next 
(Pask, 1976). 
 
Table 3.12: Field Dependent/Independent  
        (CSA) Classification Accuracies 
Feature 
Set 
Decision Tree Algorithm 
C4.5 CART CN2 
BN 87.6923 81.3218 90.76923 
KNN 95.3846 81.3218 86.15385 
Total 
Average 
91.53845 81.3218 88.46154 
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Table 3.13. Decision Rules for Field Dependent/Independent Tree 
Dataset FI/FD Decision Rules 
Field 
Dependent / 
Independent 
FI 
If the user strongly disagrees that it is hard to use backwards 
and forwards buttons, they are Field Independent. 
FD 
If the user agrees or strongly agrees that it is hard to use 
backwards and forwards buttons, they are Field Dependent. 
FI 
If the user disagrees that it is hard to use backwards and 
forwards buttons, AND disagreed that it would have been more 
helpful if they were given a suggested route through the 
tutorial, they are Field Independent. 
FD 
If the user disagrees that it is hard to use backwards and 
forwards buttons, AND agreed or strongly agreed that it would 
have been more helpful if they were given a suggested route 
through the tutorial, they are Field Dependent. 
FD 
If the user has no preference on the difficulty on using 
backwards and forwards buttons, AND disagrees that it is easy 
to find a route for a specific task within the index, they are 
Field Dependent. 
FI 
If the user has no preference on the difficulty on using 
backwards and forwards buttons, AND agreed or strongly 
agrees that it that it is easy to find a route for a specific task 
within the index, they are Field Independent. 
 
 
 
SD SA A NP 
FD FD 
Q9 
It is hard to use 
back/forward buttons 
FI 
D 
Q6 
I found it helpful to be 
given a suggested route 
through this tutorial. 
Q18 
It is easy to find route for 
specific task in the index. 
FD FD 
D 
FI 
A SA 
FI FI 
D 
FD 
A SA 
Figure 3.9. Dataset 2 - Field Dependent/Independent Decision Tree 
KEY 
FI    =   Field Independent 
FD   =   Field Dependent 
SA    =   Strongly Agree 
A      =   Agree 
NP   =   No Preference 
D     =   Disagree 
SD   =   Strongly Disagree 
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Q6 (‗I would have found it more helpful to be given a suggested route through this 
tutorial‘) also appears in both trees. The FI/FD tree shows that FI users disagree with 
this question whereas FD users agree or strongly agree. The Holist/Serialist tree 
shows that Holists strongly disagree with this question and Serialists strongly agree. 
Unlike the results of Q9, this indicates that FI users and Holists have similar 
preferences whereas FD users are like Serialists. More specifically, the former can 
explore the content on their own while the latter need more guidance in finding their 
way around a topic. 
 
Q18 (‗It is easy to find specific information for a task with the index‘) is another 
feature selected by both trees. Both FI users and Serialists strongly agree or agree 
with this statement, whilst FD users and Holists disagree. The index used in this 
study lists all of topics in an alphabetical order so that learners can easily locate 
specific information. This suggests that such a mechanism is useful to FI users and 
Serialists but it may not be suitable for FD users and Holists. This may be due to the 
fact that FD users and Holists are interested in a global picture of the content, instead 
of a specific item.  
 
In addition to these similarities, there are three other features that appear on the 
Holist/Serialist tree. Q11 (‗the links provided in this tutorial help me to discover 
relationships between different topics‘) is selected in the Holist/Serialist tree, with 
Holists strongly disagreeing to this statement and Serialists strongly agreeing to it. It 
is in the nature of Holists to jump to different topics  (Pask, 1979) so links are helpful 
for them. On the other hand, Serialists tend to study topics sequentially so there may 
be no need for them to use links. Although this feature does not appear in the chosen 
Field Dependent/Independent tree, it is shown in the tree that was drawn using CN2 
and the KNN family feature set. It can be seen in this tree that FD users agree with 
Q11. This suggests that FD users may have a similar preference to Holists for this 
question. Q2 (‗Examples given in this tutorial are not practical‟) and Q7 („I would 
like to have had more examples‘) were also selected in the Holist/Serialist tree but 
not in the Field Dependent/Independent tree. Examples are another way of presenting 
content so this suggests that the content presentation may be more relevant to Holists 
and Serialists than to Field Dependent and Field Independent users. 
 59 
 
Table 3.14: Holist/Serialist (SPQ) Classification Accuracies 
 
 
 
 
 
Feature Set 
Decision Tree Algorithm 
C4.5 CART CN2 
BN 72.3077 79.79925 80 
KNN 73.8462 76.79925 80 
Total Average 73.07695 78.29925 80 
Q9 
It is hard to use 
back/forward buttons 
H 
A 
H 
SA 
S 
SD 
S 
D 
Q6 
I found it helpful to be 
given a suggested route 
through this tutorial. 
H S 
SD SA 
Q2 
Examples given in this 
tutorial are not practical 
S H 
A SA 
Q18 
It is easy to find a route 
for a specific task in index 
H S 
D SA 
Q9 
It is hard to use 
back/forward buttons 
H 
A 
H 
SA 
S 
SD 
S 
D 
Q7 
I would like to have more 
examples 
S 
D 
Q11 
Links help me discover 
relationships in topics 
H S 
SD SA 
Q2 
Examples given in this 
tutorial are not practical 
S H 
A SA 
Q18 
It is easy to find a route 
for a specific task in index 
H S 
D SA 
Figure 3.10. Dataset 2 - Holist/Serialist Decision Tree 1 Figure 3.11. Dataset 2 - Holist/Serialist Decision Tree 2 
KEY 
H    =   Holist 
S     =   Serialist 
SA  =   Strongly Agree 
A     =   Agree 
NP   =   No Preference 
D     =   Disagree 
SD   =   Strongly Disagree 
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Table 3.15. Decision Rule Table for Holist/Serialist Trees 
Dataset H/S Decision Rules 
Holist/ 
Serialist 
H 
If the user agrees or has no preference that it is hard to use 
backwards and forwards buttons, they are Holist. 
H 
If the user strongly disagrees that the links provided in this 
tutorial helped them to discover the relationships between the 
different topics, they are Holist. 
H 
If the user strongly agrees that the examples given in this 
tutorial are not practical, they are Serialist. 
H 
If the user strongly disagrees that it is easy to find a route for 
a specific task within the index, they are Holist. 
S 
If the user strongly disagrees or disagrees that it is hard to 
use backwards and forwards buttons, they are Serialist. 
S 
If the user disagrees that they would have liked more 
examples, they are Serialist. 
S 
If the user strongly agrees that the links provided in this 
tutorial helped them to discover the relationships between the 
different topics, they are Serialist. 
S 
If the user agrees that the examples given in this tutorial are 
not practical, they are Serialist. 
S 
If the user strongly agrees that it is easy to find a route for a 
specific task within the index, they are Serialist. 
 
3.6.4 Statistical Significance 
As with the other dataset, additional statistical methods were used to verify the 
relationship between the two cognitive styles for Dataset 2. Table 3.16 shows the 
number of participants belonging to each dimension of cognitive style. As with the 
other dataset, there is a higher proportion of Field Dependent users that are Holists 
and a higher proportion of Field Independent users that are also Serialists. Again, this 
demonstrates that there is more of a significant similarity between FD users and 
Holists and between FI users and Serialists. 
 
Table 3.16. Distribution of Participants’ Cognitive Styles 
 Field 
Dependent 
Field 
Independent 
Total 
Holist 20 16 36 
Serialist 13 16 29 
Total 33 32 65 
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In addition, an ANOVA test was run on the original dataset that included all of the 
20 features. The results show that all of the features in this dataset were found to be 
statistically significant (p<0.05) for the Field Dependent/Independent dimension, 
whereas only one of the twenty was found to be statistically significant for the 
Holist/Serialist dimension (Table 3.17). Such a finding suggests a number of things. 
Firstly, it is well known that the CSA is a more established method of deciding 
whether a user is Field Dependent or Field Independent, whereas the SPQ is less 
tried and tested for allocating users as Holist or Serialist in previous research. It 
could be that the SPQ is a less reliable method and therefore attains less reliable 
results. Secondly, it could be that the questions were not able to correctly capture the 
preferences of Holist and Serialist users. Future research should perhaps look at 
investigating this point further. 
 
Table 3.17: Statistical Significance of Dataset 2 
PREF Dataset (Web-based Learning) 
CSA SPQ 
Q1, Q2, Q3, Q4,Q5, Q6, 
Q7, Q8, Q9, Q10, Q11, 
Q12, Q13, Q14, Q15, 
Q16, Q17, Q18, Q19, 
Q20 
Q11 
T = 20 T = 1 
 
3.6.5 Summary 
In summary, the findings for Dataset 2 agree with those of Dataset 1. In general, 
Field Independent individuals and Serialists have similar preferences, as do Field 
Dependent individuals and Holists. As with Dataset 1, one feature (Q9) is 
highlighted in all four steps and is identified as a key feature that allows for the most 
accurate separation between Field Dependent/Field Independent users and between 
Holists/Serialists. However, there were contradictions found to this rule, specifically 
in Q6 (‗I would have found it more helpful to be given a suggested route through this 
tutorial‘). Field Independent users and Holists disagree with this question whilst 
Field Dependent users and Serialists agree. 
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3.7 Conclusion 
This chapter presented a study that aimed to investigate the influence of cognitive 
style on users‘ preferences for Web-based applications. More specifically, the 
relationship between Field Dependent/Independent and Holist/Serialist was analysed 
with the aim of identifying whether previous researchers are correct in their 
assumptions that Field Dependent individuals have similar preferences to Holists, 
and Field Independent individuals have similar preferences to Serialists. As shown in 
Figure 3.12, the findings from both datasets show that in general this is true, although 
some contradictions can be noted. However, the relationships between Field 
Dependent users and Holists and between Field Independent users and Serialists is 
stronger than the relationships between Field Independent users and Holists and Field 
Dependent users and Serialists. Consequently, previous literature identifying the 
differences of Field Dependent and Field Independent users can perhaps be used to 
suggest the differences between Holists and Serialists, but bearing in mind the 
contradictions to the relationship. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
H 
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I 
S 
T 
Q65 
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Dependent 
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Independent 
Q75 
Q75 
Q9 
Q9 
Q6 
Q6 
Q18 
Q18 Q11 
KEY 
Dataset 1 
Dataset 2 
Figure 3.0-12. Relationship between Field Dependence/Independence and 
Holism/Serialism 
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Chapter 4 – Study 2: Internet Experience vs. 
Computer Experience 
 
4.1. Introduction 
This chapter will describe the second of the three studies examined within this thesis. 
This study focussed on the effect that previous system experience had on users‘ 
preferences of Web-based applications. More specifically, users‘ levels of previous 
Internet Experience and Computer Experience were examined. As stated in Chapter 
2, although these are difference dimensions of system experience, researchers often 
group these two types of experience together, with the assumption that Computer 
experts will act the same as Internet Experts and Computer novices will act the same 
as Internet novices. Therefore, the goal of this study is to examine the relationship 
between the two dimensions to see if their similarities are such that they can be 
grouped as one. Thus, we propose the following research question as our goal for this 
particular study: 
 
 
To what extent do computer experts have the same preferences as Internet 
experts and computer novices have the same preferences as Internet novices? 
 
 
An investigation of this kind will make contributions in several areas. Firstly, it will 
provide further understanding of the characteristics of experts and novices in both 
Internet and Computer Experience. Furthermore, we can identify whether there is a 
relationship between the two types of experience. In most Web-based applications, 
the difference between these two types of experience are not distinguished, with 
different interfaces provided for experts and novices only, rather than Internet 
experts, Computer experts, Internet novices and Computer novices. If there is indeed 
a similar relationship between the two, then this type of grouping is acceptable. 
However, if the relationship is not similar, further research needs to commence so 
that designers can provide effective interfaces to differentiate between the different 
types of user. Figure 4.1 presents the framework of this study. Using the same 
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integrated data analysis technique that is described in the previous chapter, the 
following sections go on to discuss the findings and conclusions of this study. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
4.2. Data Collection 
The data collection and analysis procedures for the two datasets used in this thesis 
were described in the previous chapter (sections 3.2, 3.3 and 3.4). In this specific 
study, we introduced another human factor, system experience. This study focussed 
on two dimensions of system experience, including Internet experience and computer 
experience. Although the analysis procedure has already been described in the 
previous chapter, an additional step, a personal information sheet, was included 
within the data collection stage in order for the specific information needed for this 
study to be collected. 
 
4.2.1 Personal Information Sheet 
A personal information sheet was used to gather basic information of each 
participant, including gender, age, computer experience, and Internet experience. The 
data needed for Study 2 was collected from the last two of these sections. In order to 
identify participants‘ levels of both Internet and computer experience, they were 
presented with a 5-point Likert scale on which to rate their experience, with 1 being 
very little experience to 5, very experienced (Figure 4.5). 
 
 
System Experience 
Internet 
Computer 
User 
Preferences 
Web-based 
Applications 
Web-Based 
Instruction 
Web 
Searching 
Internet vs. Computer 
Experience 
 
and  
Implications for  
Interface Design 
Figure 4.1: Framework for Study 2 
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4.2.1.1 Dataset 1: Web Search Tools 
As can be seen in Table 4.1, it seems that in general, students have more Internet 
experience than computer experience. These distributions vary from studies such as 
Schumacher and Morahan-Martin (2001), where students had more exposure to 
computers than with the Internet. In a time where the Internet is now a key part of 
education and research, perhaps users are more likely to have higher levels of 
Internet experience than computer experience. In addition, when looking at the 
participants‘ experience distributions (Table 4.1), it is clear that there is some form of 
link between the two types of experience. 35 out of the 37 participants who have a 
level 2 in computer experience have a level 2 in Internet experience. Likewise, 22 
out of the 25 participants who have a level 3 in computer experience have a level 3 in 
computer experience, and 20 out of the 42 participants who have a level 4 in 
computer experience have a level 4 in Internet experience. 
 
Table 4.1. Dataset 1: Participants’ Level of Experience 
 
Computer Experience 
Total 1 2 3 4 5 
Internet 
Experience 
1 0 6 0 0 0 6 
2 2 35 0 0 0 37 
3 0 13 22 0 0 35 
4 0 5 17 20 0 42 
5 0 0 0 0 0 0 
Total 2 59 39 20 0 120 
 
4.2.1.2 Dataset 2: Web-Based Instruction Tools 
Participants‘ experience distributions for the second dataset are very similar to those 
of the first in that they, in general, show that participants have higher levels of 
Internet experience than they do computer experience (Table 4.2). In particular, 19 of 
the 20 students who have a level 2 in Internet experience have a level 2 in computer 
very 
experienced 
1 
none or very 
little experience 
2 3 4 5 
Figure 4.2: Likert scale for rating Internet and computer experience 
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experience. Similarly, 12 out of the 19 students who have a level 3 in Internet 
experience have a level 3 in computer experience, and 11 out of the 23 students who 
have a level 4 in Internet experience have a level 4 in computer experience. Having 
shown that both datasets had these same similarities in common, such a result 
suggests that the two types of experience could be associated. 
 
Table 4.2. Dataset 2 - Participants’ Level of Experience 
 
Computer Experience 
Total 1 2 3 4 5 
Internet 
Experience 
1 0 3 0 0 0 3 
2 1 19 0 0 0 20 
3 0 7 12 0 0 19 
4 0 3 9 11 0 23 
5 0 0 0 0 0 0 
Total 1 32 21 11 0 65 
 
 
Even before looking at the analysis results, it is clear just from these two tables 
(Tables 4.1 and 4.2) that there is some similarity in the distributions of the two 
participant populations. For example, we can see that in general the students have 
more Computer Experience and roughly even Internet Experience. 
 
4.3 Data Analysis 
The data analysis procedure employed for Study 1 (described in the previous chapter: 
Section 3.4) was used again for this study. As shown in Figure 4.3, the data analysis 
procedure included two phases in order to identify the relationship between Internet 
experience and computer experience. 
 
4.4 Findings – Dataset 1: Web Search Tools 
As with the first study in this thesis, before beginning the data mining analysis a 
simple Pearson‘s correlation was used to see whether there was an initial relationship 
between the two types of experience. For this dataset, the test revealed that there is 
indeed a statistically significant (p=0.00) relationship between Internet and Computer 
Chapter 4 – Study 2: Internet Experience vs. Computer Experience 67 
 
The Influence of Human Factors on Users‘ Preferences of Web-based Applications: 
A Data Mining Approach 
Experience. With this in mind, the data mining analysis procedure was completed 
and the results for the Web Searching dataset are discussed in the following sections. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Study 2: Prior Knowledge 
Internet Experience vs. Computer Experience 
Dataset 1: 
Web Searching 
Dataset 2: 
Web-based Instruction (WBI) 
Data Analysis 
Phase 1 – Feature Selection 
Web Searching Feature Sets WBI Feature Sets 
Internet Experience 
BN Feature Set 
kNN Feature Set 
Computer Experience  
BN Feature Set 
kNN Feature Set 
Data Analysis 
Phase 2 – Decision Tree Classification 
Web Searching Decision Tree WBI Decision Tree 
Internet Experience  
BN Tree 
kNN Tree 
Computer Experience  
BN Tree 
kNN Tree 
 
Most Accurate  
Feature Set + Decision Tree 
Combination 
Most Accurate  
Feature Set + Decision Tree 
Combination 
 
Internet Experience 
 Tree 
Computer Experience 
 Tree 
 
Figure 4.3. Data Analysis Framework for Study 2 
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4.4.1 Feature Selection 
 
4.4.1.1 Internet Experience 
The BN and KNN classifiers selected 10 and 17 relevant features respectively for 
Internet Experience. When the two feature sets are compared, there are two features 
that were commonly selected by both.  
 Q15 (“Relevant subject content appears on the same page.”) 
 Q30 (“Online instructions appear in a consistent location across screens.”) 
 
Table 4.3. Dataset 1: Number of Features Selected per Family 
Experience 
Feature Sets 
Classifier 
Family 
Classifier # of 
Features 
Selected 
# of Features 
in Final Set 
Internet 
Experience 
BN BNC 7 
10 NB 7 
AODE 3 
KNN NN 9 
17 KNN 9 
K* 3 
Computer 
Experience 
BN BNC 42 
27 NB 38 
AODE 34 
KNN NN 25 
24 KNN 20 
K* 27 
 
 
4.4.1.2 Computer Experience 
The BN and KNN classifiers selected 27 and 24 relevant features respectively to 
computer experience. When compared, the two feature sets have 16 features in 
common, which are listed below. 
 
 Q2 (“You can easily understand what options are available to you.”) 
 Q3 (“There is some form of instruction to teach you how to do activity.”) 
 Q14 (“The program avoids using computer jargon/technical terms.”) 
 Q15 (“Relevant subject content appears on the same page.”) 
 Q28 (“Menus with multiple levels have a mechanism that allows you go back.”) 
 Q29 (“Error messages appear in the same location throughout the system.”) 
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 Q30 (“Online instructions appear in a consistent location across screens.”) 
 Q31 (“Icons are clearly labelled.”) 
 Q33 (“Heavy use of all uppercase letters on a webpage has been avoided.”) 
 Q38 (“Vertical and horizontal scrolling is possible in each window.”) 
 Q42 (“Messages are constructive, without overt or implied criticism to you.”) 
 Q48 (“Error messages let you know the cause of the problem.”) 
 Q56 (“The buttons that can cause serious consequences are located far away 
from low-consequence and high-use keys.”) 
 Q67 (“Different colours are used to discriminate links that you have visited from 
links that you have not visited.”) 
 Q76 (“Icons of different groups are visually distinctive.”) 
 Q77 (“Only information essential to the task is displayed on the screen.”) 
 
 
4.4.1.3 Internet Experience vs. Computer Experience 
If the two sets of commonly selected features for Internet and Computer experience 
are compared, it is clear to see that two features are common in both sets. Q15 
(―Relevant subject content appears on the same page.‖) and Q30 (―Online 
instructions appear in a consistent location across screens.‖). These two features are 
concerned with content presentation and online help, which suggests that these are 
key factors in the relationship between the two dimensions of Internet and computer 
experience. 
 
4.4.2 Decision Tree Classification 
 
4.4.2.1 Internet Experience  
The algorithm that produced the highest classification accuracy was the C4.5 
algorithm, with the most accurate feature set being the BN feature set with 100% 
(Table 4.4). The tree created with this combination can be found in Figure 4.4. 
 
Table 4.4. Internet Experience Classification Accuracy (%) 
Feature 
Set 
Decision Tree 
Algorithm 
C4.5 CN2 CART 
BN 100 90 95 
KNN 98.667 90 95 
Total 
Average 99.564 90 95 
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It is clear on inspection of Figure 4.4 that users with lower levels of Internet 
experience do not think it important to have short, descriptive titles. Conversely, 
users with higher levels of Internet experience think it important to have relevant 
content appearing on the same page and they think it important to have clear, 
descriptive titles. This could be because the former lack experience of using Internet 
applications. Thus, they do not know that there are a variety of approaches, i.e. short 
and descriptive page or section titles, which allow them to get a preliminary view of 
the subject content. On the other hand, the latter have more experience so they expect 
to locate information efficiently using one or more of these approaches. 
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Q15 
Relevant subject content 
appears on the same page 
Q78 
The title of each page is 
short, simple, clear and 
distinctive 
Q78 
The title of each page is 
short, simple, clear and 
distinctive 
IE2 IE3 IE4 
IE2 IE3 IE4 IE1 IE2 IE5 
VU U NP VI I 
VU U VI VU U I 
Figure 4.4. Dataset 1 - Internet Experience Decision Tree 
Table 4.5. Decision Rules for the Internet Experience Decision Tree 
Dataset IE Level Decision Rules 
Dataset 1: 
Web 
Searching 
IE 1 
If users think it very unimportant for relevant subject content to appear on the same page, AND they think it very 
unimportant that menu items are brief yet long enough to describe the subject content, they have an IE level of 1. 
IE 2 If users think it unimportant for relevant subject content to appear on the same page, they have an IE level of 2. 
IE 2 
If users think it very unimportant for relevant subject content to appear on the same page, AND they think it 
unimportant that menu items are brief yet long enough to describe the subject content, they have an IE level of 2. 
IE2 
If users think it very important for relevant content to appear on the same page and they think it unimportant that 
the title of each page is short, simple, clear and distinctive, they have an IE level of 2. 
IE 2 
If users think it very important for relevant content to appear on the same page and they think it important that the 
title of each page is short, simple, clear and distinctive, they have an IE level of 2. 
IE 3 If users have no preference for relevant subject content to appear on the same page, they have an IE level of 3. 
IE3 
If users think it very important for relevant content to appear on the same page and they think it unimportant that 
the title of each page is short, simple, clear and distinctive, they have an IE level of 3. 
IE 4 If users think it important for relevant subject content to appear on the same page, they have an IE level of 4. 
IE 4 
If users think it very unimportant for relevant subject content to appear on the same page, AND they think it 
important that menu items are brief yet long enough to describe the subject content, they have an IE level of 4. 
IE 5 
If users think it very unimportant for relevant subject content to appear on the same page, AND they think it very 
important that menu items are brief yet long enough to describe the subject content, they have an IE level of 5. 
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4.4.2.2 Computer Experience 
The algorithm that classified the feature sets with the highest overall accuracy was 
the CART algorithm, with the BN feature set classifying with the highest accuracy 
(99.5763%). The resulting tree from this combination can be found in Figure 4.5. 
 
Table 4.6. Computer Experience Classification Accuracy (%) 
Feature 
Set 
Decision Tree 
Algorithm 
C4.5 CN2 CART 
BN 94.6667 85 99.5763 
KNN 96.6667 85 98.5412 
Total 
Average 95.333 85 99.0154 
 
It is clear from this tree (Figure 4.5) that users with lower levels of computer 
experience do not think it is important to have online instructions or error messages 
appearing in the same place, whereas users with higher levels prefer them to be in the 
same place throughout the system. Many computer applications display the online 
instructions or error messages consistently in the same place, therefore the latter will 
have experience of this and expect it in a computer application and they know that 
this can help them to find online instructions and error messages easily. On the other 
hand, the former will not have experience of using other computer applications 
which put online instruction and error messages in this way. Therefore, they will not 
expect online instructions or error messages to be consistently located in the same 
place so they will think this less important. 
 
Users with lower levels of computer experience do not think it important to have 
clearly labelled icons or relevant information appearing on the same page. 
Conversely, users with higher levels of computer experience think it important to 
have clearly labelled icons, relevant information appearing on the same page and to 
avoid heavy use of uppercase characters. This is probably because users with higher 
levels of computer experience will have known that such things can help them to 
complete their tasks more efficiently, whereas users with lower levels of computer 
experience will not know such value. 
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Users with higher levels of computer experience think that it is important to be able 
to customise the interface (e.g. change the font size or colour). This may be because 
they are more familiar within their environment and have already discovered their 
personal preferences that will help them to complete their tasks more efficiently. On 
the other hand, users with lower levels of computer experience will not have as much 
experience and will be more concerned with learning how to complete their task 
correctly, rather than completing it in a more efficient way. In this way, users with 
lower levels of computer experience will need more instruction because unlike those 
with higher levels, they do not have previous knowledge that they can apply to the 
task. 
 
4.4.2.3 Internet Experience vs. Computer Experience 
Overall, it is clear that users with higher levels of Internet or computer experience are 
more proficient at identifying which features can help them to complete their tasks 
more quickly efficiently. For example, users with high levels of Internet experience 
think it important to have relevant content appearing on the same page and pages 
labelled with clear, descriptive titles. For computer experience, users with high levels 
also think it important to have relevant content appearing on the same page. In 
addition, they think it important for error messages and online instructions to be 
displayed in the same location throughout the system, clearly labelled icons and the 
ability to customise the interface environment.  
 
In contrast, those users with lower levels of Internet or computer experience have 
difficulty identifying which features can help them to complete their tasks more 
quickly and efficiently, instead focusing on learning how to complete their task 
correctly. For example, users with low levels of computer experience think it 
important to easily and clearly able to tell which icon is selected. This feature helps 
them to know which icon is selected, which can help them complete the task in the 
correct way, but does not necessarily help them complete their task more efficiently. 
Thus, users with lower levels of experience will need more instruction and support in 
firstly, learning how to complete their task correctly, and secondly, identifying the 
features which will help them to complete their task more efficiently. 
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same locations throughout the 
system 
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Icons are clearly labelled CE1 
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Online instructions appear in a 
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Q15 
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Q26 
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font size or link colour 
Q5 
Online instructions appear in a 
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Q16 
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Q39 
No more than four colours are 
utilised in each screen 
Q3 
There is some form of instruction 
to teach how to do each activity 
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Relevant subject content appears 
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Online instructions appear in a 
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CE2 CE4 
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VI 
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I VU, U, VI 
I, U, VU 
VU, U, I, VI 
 
NP VU, U, I, VI 
Figure 4.5. Dataset 1 – Computer Experience Decision Tree 
KEY 
CE1   = Computer Experience Level 1 
CE2   = Computer Experience Level 2 
CE3   = Computer Experience Level 3 
CE4   = Computer Experience Level 4 
VI      = Very Important 
I        = Important 
NP    = No Preference 
U      = Unimportant 
VU    = Very Unimportant 
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Table 4.7. Decision Rules for Computer Experience Tree 
Dataset Experience 
Level 
Decision Rules 
Dataset 
1: Web 
Searching 
CE 1 
If users think it is very unimportant or unimportant for error 
messages to appear in the same location throughout the system, 
they have a CE level of 1. 
CE 1 
If users think it is very important or very important for error 
messages to appear in the same location throughout the system, 
AND very unimportant or unimportant for online instructions to 
appear in the same location throughout the system, AND it very 
important or very important that the colour scheme matches with 
their preferences, AND think it important that it is easy to 
understand which icon has been selected, they have a CE level of 
1. 
CE 1 
If users think it is very important or important for error messages 
to appear in the same location throughout the system, very 
important or important for icons to be clearly labelled, AND very 
unimportant or unimportant for relevant content to appear on the 
same page, AND have no preference about whether no more than 
four colours are used on the screen, they have a CE level of 1. 
CE 2 
If users think it is very important or very important for error 
messages to appear in the same location throughout the system, 
AND very unimportant or unimportant for online instructions to 
appear in the same location throughout the system, AND it very 
unimportant or unimportant that the colour scheme matches with 
their preferences, they have a CE level of 2. 
CE 2 
If users think it is very important or very important for error 
messages to appear in the same location throughout the system, 
AND very unimportant or unimportant for online instructions to 
appear in the same location throughout the system, AND it very 
important or very important that the colour scheme matches with 
their preferences, AND think it is not important that it is easy to 
understand which icon has been selected, they have a CE level of 
2. 
CE 2 
If users think it is very important or very important for error 
messages to appear in the same location throughout the system, 
AND very unimportant or unimportant for online instructions to 
appear in the same location throughout the system, AND do not 
think it very important to be able to customise the layout , e.g. 
font size and colour, they have a CE level of 2. 
CE 2 
If users think it is very important or important for error messages 
to appear in the same location throughout the system, very 
important or important for icons to be clearly labelled, AND 
important or very important for relevant content to appear on the 
same page, AND very important that the results are presented by 
level of relevance, AND not very unimportant that heavy use of 
all uppercase letters is avoided, AND important that online 
instructions appear in the same location throughout the system, 
they have a CE level of 2. 
CE 2 
If users think it is very important or important for error messages 
to appear in the same location throughout the system, very 
important or important for icons to be clearly labelled, AND very 
unimportant or unimportant for relevant content to appear on the 
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Dataset Experience 
Level 
Decision Rules 
same page, AND have any preference about whether no more 
than four colours are used on the screen, AND it very important 
that there is some form of instruction to teach you how to do each 
activity, they have a CE level of 2. 
CE 3 
If users think it is very important or very important for error 
messages to appear in the same location throughout the system, 
AND very unimportant or unimportant for online instructions to 
appear in the same location throughout the system, AND think it 
very important to be able to customise the layout , e.g. font size 
and colour, they have a CE level of 3. 
CE 3 
If users think it is very important or important for error messages 
to appear in the same location throughout the system, very 
important or important for icons to be clearly labelled, AND 
important or very important for relevant content to appear on the 
same page, AND not very important that the results are presented 
by level of relevance, they have a CE level of 3. 
CE 3 
If users think it is very important or important for error messages 
to appear in the same location throughout the system, very 
important or important for icons to be clearly labelled, AND 
important or very important for relevant content to appear on the 
same page, AND very important that the results are presented by 
level of relevance, AND very unimportant that heavy use of all 
uppercase letters is avoided, they have a CE level of 3. 
CE 3 
If users think it is very important or important for error messages 
to appear in the same location throughout the system, very 
important or important for icons to be clearly labelled, AND very 
unimportant or unimportant for relevant content to appear on the 
same page, AND have any preference about whether no more 
than four colours are used on the screen, AND it not very 
important that there is some form of instruction to teach you how 
to do each activity, they have a CE level of 3. 
CE 4 
If users think it is very important or important for error messages 
to appear in the same location throughout the system, very 
important or important for icons to be clearly labelled, AND 
important or very important for relevant content to appear on the 
same page, AND very important that the results are presented by 
level of relevance, AND not very unimportant that heavy use of 
all uppercase letters is avoided, AND not important that online 
instructions appear in the same location throughout the system, 
they have a CE level of 4. 
 
4.4.3 Statistical Analysis 
An ANOVA was completed to discover the features that were significant to both 
Internet and computer experience. For the Web Searching dataset, the two features 
(Q15 and Q78) that were highlighted on the Internet experience decision tree were 
both found to be statistically significant (p=<0.05), whereas only 4 out of the 10 
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features (Q15, Q30, Q31 and Q33) highlighted on the computer experience decision 
tree were found to be statistically significant. 
 
4.5 Findings – Dataset 2: Web-Based Instruction Tools 
In the first stage of analysis, six classifiers from two different families were used to 
select two relevant feature sets for each Internet Experience and computer 
experience. Subsequently, the sets for Internet experience were compared with those 
for computer experience before being taken on to the decision tree classification 
stage. 
 
4.5.1 Feature Selection 
 
4.5.1.1 Internet Experience 
The Bayesian Network (BN) family of classifiers selected five features as relevant to 
Internet experience, whereas the k-Nearest Neighbour (KNN) family of classifiers 
selected only four (Table 4.8). Of these two feature sets, three features were 
commonly selected: Q12 (‗The map in this tutorial gives a meaningful framework of 
HTML‘), Q14 (‗After using this system I can I can easily use my knowledge to design 
homepages‘) and Q15 (‗I found it hard to select relevant information using the 
map‘). This suggests that the map is related to Internet experience. This is probably 
because the map is beneficial to novices, who have lower levels of Internet 
experience and easily get lost. The map can help them incorporate the document 
structure into the conceptual structure (Dee-Lucas & Larkin, 1995) so that they can 
effectively integrate individual topics (Potelle & Rouet, 2003). Thus, there is a need 
to provide effective maps to accommodate students with different levels of Internet 
experience. 
 
4.5.1.2 Computer Experience 
The BN family of classifiers selected five features as relevant to computer 
experience, whereas the KNN family of classifiers selected only three (Table 4.8). Of 
these two feature sets, three features were commonly selected: Q1 (‗It is difficult to 
learn the basics of HTML using this tutorial without the help of a person‘), Q14 
(‗After using this system I can easily use my knowledge to design homepages‘) and 
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Q15 (‗I found it hard to select relevant information using the map‘). Q1 and Q14 
relate to how confident students are in applying the knowledge they have learnt. This 
would suggest that students‘ confidence in using the system is greatly linked to the 
level of computer experience, which refers to the amount and type of computer skills 
a person acquires over time (Howard and Smith, 1986). This finding echoes the 
claims made by Smith et al. (1999), which indicate that computer experience is 
positively associated with the students‘ attitudes. 
 
Table 4.8: Dataset 2: Number of Features Selected per Family 
Experience 
Feature Sets 
Classifier 
Family 
Classifier # of 
Features 
Selected 
# of Features 
in Final Set 
Internet 
Experience 
BN BNC 4 
5 NB 4 
AODE 5 
KNN NN 10 
4 KNN 5 
K* 5 
Computer 
Experience 
BN BNC 7 
5 NB 6 
AODE 7 
KNN NN 3 
3 KNN 7 
K* 5 
 
 
4.5.1.3 Internet Experience vs. Computer Experience 
When comparing the findings for both Internet and computer experience, it is clear to 
see that there are two features in common: Q14 (‗After using this system I can easily 
use my knowledge to design homepages‘) and Q15 (‗I found it hard to select relevant 
information using the map‘). These two features relate to the way that students find 
information in an environment and then apply the knowledge learnt. Computer 
experience covers a broader range of skills while Internet experience focuses on 
specific skills. Regardless of the broad range of computing skills or specific Internet 
skills, these skills are related to the ways that students are able to find and apply 
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knowledge in a system. Therefore, there is a need to consider these two pertinent 
skills together when we design facilities for students to find information in the WBI 
tool. 
 
4.5.2 Decision Tree Classification 
Once the feature sets were identified, decision tree classification was then performed 
to find the most accurate feature set for both Internet and computer experience, 
which were then used to build decision trees and used to illustrate users‘ preferences 
of WBI tools. 
 
4.5.2.1 Internet Experience 
As stated in the previous section, three algorithms were used to initially test the 
accuracy of the feature sets. The classification accuracies were then recorded and the 
most accurate algorithm/feature set combination was used to build the decision tree 
that would illustrate users‘ preferences. For Internet Experience, the CART 
algorithm and the KNN feature set provided the highest accuracy (88.2%) (Table 
4.9). Therefore, this combination was used to build the final decision tree (Figure 
4.6). 
 
Table 4.9. Internet Experience Classification Accuracy (%) 
Feature 
Set 
Decision Tree Algorithm 
C4.5 CN2 CART 
BN 66.15 58.4615 81.3218 
KNN 61.5385 56.9231 88.24405 
Total 
Average 63.84425 57.6923 84.78293 
 
It is clear from the Internet Experience decision tree (Figure 4.6) that those students 
with lower levels of experience found it difficult to apply the knowledge they learnt 
in the tutorial to designing homepages. Conversely, those students with higher levels 
of experience found it easier to apply the knowledge and design homepages by 
themselves. This suggests that the higher a student‘s level of Internet experience, the 
easier they will find it to apply their knowledge to the system, which in this case, was 
a tutorial that aimed to teach the student how to use HTML. Furthermore, this 
suggests that Internet experience is related to designing Web pages, as the more 
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Internet experience a student has, the easier they will be able to design homepages. 
This would also explain why the students with lower levels of experience agree that 
more examples are needed to help them understand the content, differing from those 
with higher levels of experience who disagree. Because of their different previous 
experience, the latter were more confident in applying the knowledge from the 
tutorial, whereas the former felt they needed more examples to learn to apply the 
knowledge. This implies that examples, which are down-to-earth visual materials 
(Chen and Liu, 2008), are useful facilities to support students with lower levels of 
Internet experience. Additionally, those students with higher levels of Internet 
experience found it easier than those with lower levels of Internet experience to 
select relevant information using the map. A map is the standard way of presenting 
information on a Web page so users with high levels of experience will have 
encountered this before and be familiar with finding information in this way. In 
comparison, those with less experience in using the Internet would not be so familiar 
with the map so they may struggle to find information using this feature. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.6: Dataset 2 - Internet Experience Decision Tree 
 
KEY 
IE1 = Internet Experience Level 1 
IE2 = Internet Experience Level 2 
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Table 4.10. Decision Tree Rules for Internet Experience Tree 
Dataset IE Level Decision Rules 
Dataset 2: 
Web-
based 
Instruction 
IE 1 
If users strongly disagree that after using this system they can 
easily use their knowledge to design homepages, AND they 
strongly agree that they it is hard to select relevant information 
using the map, they have an IE level of 1. 
IE 2 
If users strongly disagree that after using this system they can 
easily use their knowledge to design homepages, AND they do not 
strongly agree that they it is hard to select relevant information 
using the map, they have an IE level of 2. 
IE 2 
If users do not strongly disagree that after using this system they 
can easily use their knowledge to design homepages, AND they 
agree that it is hard to select relevant information from the map, 
they have an IE level of 2. 
IE 3 
If users do not strongly disagree that after using this system they 
can easily use their knowledge to design homepages, AND they do 
not agree that it is hard to select relevant information from the map, 
AND they agree that they would like to have more examples, they 
have an IE level of 3. 
IE 4 
If users do not strongly disagree that after using this system they 
can easily use their knowledge to design homepages, AND they do 
not agree that it is hard to select relevant information from the map, 
AND they do not agree that they would like to have more 
examples, they have an IE level of 4. 
 
 
4.5.2.2 Computer Experience 
For computer experience, both the BN and KNN feature sets scored the highest 
accuracy (94.4%) when classified using the C4.5 algorithm (Table 4.11). Therefore, 
this combination was assumed to most accurately illustrate students‘ preferences 
based on their computer experience (Figure 4.7). 
 
Table 4.11. Computer Experience Classification Accuracy 
Feature 
Set 
Decision Tree Algorithm 
C4.5 CN2 CART 
BN 94.40218 87.6923 89.2308 
KNN 94.40218 86.1538 89.2305 
Total 
Average 94.40218 86.92305 89.23065 
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Figure 4.7: Dataset 2 - Computer Experience Decision Tree 
 
Table 4.12. Decision Tree Rules for Computer Experience Decision Tree 
Dataset CE 
Level 
Decision Rules 
Dataset 2: 
Web-
based 
Instruction 
CE1 
If users strongly disagree that it is hard to select relevant 
information using the map, they have a CE level of 1. 
CE2 
If users disagree that it is hard to select relevant information using 
the map, they have a CE level of 2. 
CE3 
If users have no preference about whether it is hard to select 
relevant information using the map, they have a CE level of 3. 
CE4 
If users agree that it is hard to select relevant information using the 
map, they have a CE level of 4. 
CE2 
If users strongly agree that it is hard to select relevant information 
using the map, they have a CE level of 2. 
 
As this tree shows (Figure 4.7), it was possible to classify students into their 
corresponding computer experience levels through the use of just one feature, Q15. 
The classification accuracy is very high (94.402%), so this signifies that Q15 is an 
extremely important consideration when considering computer experience. 
 
The tree shows that, generally, the more computer experience students have, the 
harder they find it to select relevant information using the map. Conversely, the less 
CE1 
SD D NP A SA 
CE2 CE3 CE4 CE2 
Q15 
I found it hard to select 
relevant information using 
the map 
KEY 
CE1 = Computer Experience Level 1 
CE2 = Computer Experience Level 2 
CE3 = Computer Experience Level 3 
CE4 = Computer Experience Level 4 
SA = Strongly Agree 
A = Agree 
NP = No Preference 
D = Disagree 
SD = Strongly Agree 
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experience they have, the easier it is for them to select relevant information on the 
map. Although the majority of Internet applications present information using a map, 
other computer applications, such as emails or word processing, do not necessarily 
present information in this way. Even though a student might have a lot of 
experience in using computer applications, they will more than likely have difficulty 
in applying this previous experience to using Internet applications because the 
environments are so different. For example, whilst a user that frequently uses a 
keyboard to type emails or use the DVD drive to burn movies, this knowledge will 
not help them when it comes to selecting relevant information from a map in the 
WBI tools. This would make it difficult for students with high levels of computer 
experience to apply their prior knowledge into an Internet environment because they 
have learnt to find relevant information in a different manner. On the other hand, 
students with less computer experience will approach the task of finding relevant 
information on the map afresh, without trying to apply any prior knowledge that 
might make them feel less frustrated with using the map. 
 
There is one contradiction to the above finding that students with the second level of 
computer experience had diverse preferences. Some of them strongly agreed it is 
difficult to find information using a map whilst others disagreed with this statement. 
A possible reason for those who showed disagreement was that their previous 
experience was more than complete novices, but less than those who use computer 
applications on a more regular basis. Another words, they had a small amount of 
knowledge about computer applications. Because the level of this previous 
knowledge and experience was quite low, they might not be able to apply this 
knowledge successfully to the new Internet environment. Perhaps this was because 
they had just enough previous experience with using computer applications to try to 
transfer this knowledge to the new environment, but became confused when it was 
clear that the applications were too different and did not have the advanced skills 
necessary to work it out for themselves. 
 
4.5.2.3 Internet Experience vs. Computer Experience 
It is clear that when the Internet Experience decision tree (Figure 4.6) and the 
computer experience decision tree (Figure 4.7) are compared, there is one particular 
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feature that both have in common: Q15 (‗I found it hard to select relevant 
information using the map‘). The trees show that the more Internet experience 
students have, the easier it was for them to find relevant information using the map 
structure. However, this does not necessarily mean that the more computer 
experience students have, the easier it is for them to find information using the map 
structure. For example, students with high levels of computer experience found it 
difficult to use the map to find relevant information in the tutorial. This suggests that 
computer experience may not be comparable to Internet experience and students 
would have difficulty in applying their Computer knowledge in an Internet 
environment, such as the WBI tool used in this study. On the other hand, this finding 
also reveals that the map may not be suitable to all of students, for example students 
with lower levels of Internet experience or those with higher levels of computer 
experience. Therefore, only providing maps in WBI tools cannot accommodate 
students‘ diverse preferences. More specifically, the WBI should provide multiple 
navigation facilities to cater for their individual differences, e.g., main menu or 
alphabetical index. 
 
There is another question, Q14 (‗After using this system I can easily use my 
knowledge to design homepages‘), that was highlighted in the Internet experience 
tree and in the Feature Selection results (Section 4.1.3). However, it did not appear in 
the computer experience tree. On closer inspection, Q14 is related to applying 
knowledge the student has learnt in the system. In this case, the system is a WBI tool. 
WBI tools are on the Internet, which may explain why Q14 is more related to 
Internet Experience than to computer experience. Thus, there is a need to consider 
the context of the applications when we want to provide personalisation for the 
applications based on a particular human factor. In this study, the context is a Web-
based tool so Internet experience plays a more important role. 
 
4.5.3 Statistical Significance 
For this dataset, only 1 (Q15) out of the 3 (Q7, Q14, Q15) features highlighted on the 
Internet experience tree was found to be statistically significant. In addition, the one 
feature (Q15) highlighted on the computer experience tree was found to be 
statistically significant. 
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4.6 Findings: Dataset 1 vs. Dataset 2 
 
4.6.1 Internet Experience 
If the trees for Internet experience from the two datasets are compared, it is clear that 
the more Internet experience a user has, the easier it is for them to complete their 
tasks with more speed and efficiency. Firstly, not only can they fully utilise the menu 
structure to find relevant information, but it is easy for them to identify which 
features will help them to achieve this goal. For example, in dataset 1, the more 
Internet experience a user has, the easier it is to identify which features can help 
them complete their tasks more quickly and efficiently. In dataset 2, the more 
Internet Experience a user has the easier it is for them to find information using the 
map. 
 
4.6.2 Computer Experience 
If the trees for computer experience from the two datasets are compared, it is clear 
that lower levels of computer experience face difficulties in identifying which 
features can help them to complete their tasks more efficiently and quickly. In 
addition, it is also highlighted in the second dataset that there is a contradiction to the 
assumed rule that computer experts are like Internet experts. In Dataset 2, computer 
experience experts are shown to find it hard and be as confused as novices when it 
comes to finding information on the map. The map is a unique feature of Internet 
applications and so it is likely that the user will find this method of navigation hard 
even though they might have previous experience with other computer applications. 
Such a finding suggests that the skills learnt in a computer environment are different 
to those in an Internet environment, and thus not completely comparable. 
 
4.6.3 Internet vs. Computer Experience 
Comparing the two datasets, it is clear that, unlike Internet Experience, a higher level 
of computer experience does not necessarily mean that users will be able to complete 
their tasks within a web-based application environment quickly and efficiently. 
Perhaps this is because the term ‗Computer Experience‘ (CE) covers a wide area, 
stretching from burning a DVD to coding a computer program, whereas the term 
‗Internet Experience‘ (IE) is related to a very narrow set of applications in 
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comparison. As such, a user may have high levels of experience in using computer 
applications, but their skills may not be transferable to Internet applications, simply 
because the environments are so different. However, although those users with more 
computer experience will find it difficult to apply their previous knowledge to an 
Internet environment, the results of this study show that they are able to identify 
which features will help them to complete their tasks more efficiently. For instance, 
those users with more computer experience know that clear, descriptive titles will 
help them to locate relevant information in a much more efficient manner. This 
suggests that although IE novices, CE novices and CE experts need additional 
support when using an Internet application, the two former will need more support in 
identifying which features will help them complete their tasks with more efficiency. 
For example, by highlighting the fact that online help messages appear in the same 
location throughout the system, the user will be able to get to the root of the problem 
quicker for knowing what the problem is and be able to find a solution more quickly. 
On the other hand, CE experts may encounter less difficulty in identifying such 
features than IE novices, CE novices. 
 
4.7 Summary 
This study investigated how a users‘ level of both Internet and computer experience 
influenced their preferences for Web-based applications. In particular, the 
relationship between Internet and computer experience was evaluated, concluding 
that although there are some similarities between the two dimensions of experience, 
the two are not equally alike. This is shown in particular by the results in Dataset 2, 
where computer experts and Internet novices displayed the same preferences. The 
results are summarised in Figure 4.8. 
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Figure 4.8. Relationship between Internet Experience and Computer Experience 
Chapter 5 – Study 3: Cognitive Style vs. Prior Knowledge vs. Gender 88 
 
 
The Influence of Human Factors on Users‘ Preferences of Web-based Applications: 
A Data Mining Approach 
Chapter 5: Study 3 – Cognitive Style vs. Previous 
Experience vs. Gender Differences 
 
5.1 Introduction 
This chapter will describe the final of the three studies examined within this thesis. 
The third study combines the results from the first two studies, which examined 
cognitive style and system experience, with a new set of results, gender differences, 
with the aim of discovering their overall effects on user preferences of Web-based 
applications. 
 
As users have many human factors, it can be assumed that more than one of these 
factors will affect users‘ preferences at any one time. Some works have suggested 
that there are some similarities in the relationship between the factors examined in 
this thesis. For example, Novices, Females and Field Dependent users are purported 
to display the same behaviour and preferences. Likewise, this is supposedly the same 
for Experts, Males, and Field Independent users (Chen, 2000; Fan, 2005). As with 
the investigations between cognitive style and system experience, we have shown 
that just because they exhibit similar behaviours, it is not always correct to say that 
they are totally equal. Therefore, it is necessary to conduct an examination into the 
relationships between these three human factors to see how similar these types of 
user actually are. More specifically, the following research question is proposed as 
the aim of this particular study: 
 
 
To what extent is the similarity between: 
a) Novices, Females, Field Dependent users and Holists, and 
b) Experts, Males, Field Independent users and Serialists? 
 
 
Such an investigation will have a number of contributions. Firstly, the study will help 
to gain a deeper understanding of the differences in preference between male and 
female users. Secondly, if a relationship is found, it will help to inform the design of 
Web-based applications to make them more efficient to use for the different types of 
user, helping to ensure future success. Thirdly, it is becoming increasingly obvious 
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that designers have to take into account more than one human factor when designing 
effective Web-based applications. Such an investigation will test the integrated data 
mining technique this thesis proposes to see whether it can capture the interaction 
between these human factors. 
 
Following the framework shown in Figure 5.1, the chapter will start by presenting 
the results related to the third human factor; gender differences. Subsequently, a 
detailed analysis that compares the chosen decision trees for cognitive style, system 
experience and gender differences to identify the similarities and differences in 
preference between the different types of user. Finally, reflections and the 
implications for the interface design of Web-based applications will be discussed. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.1: Study 3 Framework 
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5.2 Data Collection 
 
5.2.1 Personal Information Sheet 
The additional information needed for this study was obtained by a question that 
asked for the participant‘s gender in the personal information sheet. For Dataset 1, 
the participants were almost evenly divided among the sexes, with 61 males and 59 
females. Likewise, participants‘ gender in Dataset 2 was evenly distributed with 32 
males and 33 females (Figure 5.2). 
 
 
Figure 5.2. Participants' Gender Distributions 
 
5.3 Results: Dataset 1 – Web Search Tools 
As with the other two studies, before the data analysis for Study 3 commenced, a 
Pearson‘s correlation was run for both datasets to gain an initial idea of the 
relationship between gender and users‘ preferences. Unfortunately, neither of the 
datasets returned a significant result (where p<0.05). Subsequently, data analysis was 
completed, beginning with the feature selection. 
 
5.3.1 Feature Selection 
Of the original 90 features obtained from Study 2, the BN family of classifiers 
selected 19 as relevant to gender whereas the KNN family selected 26 (Table 5.1). 
Of these two feature sets, 12 features were commonly selected by both: 
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 Q2 (―You can easily understand what options are available to you.‖) 
 Q6 (―There is always a way to get back to the home page from any pages.‖) 
 Q9 (―The names of links and buttons are understandable.‖) 
 Q10 (―High contrast colour scheme applied to present text/background.‖) 
 Q11 (―Menu items are arranged alphabetically.‖) 
 Q12 (―The colour scheme matches with your preferences.‖) 
 Q13 (―The length of the page matches with your expectation.‖) 
 Q19 (―From the menu list, you can see the relationships among the sub-topics 
presented in the menu.‖) 
 Q21 (―Each window has a title.‖) 
 Q22 (―Navigation buttons are labelled clearly and distinctively.‖) 
 Q50 (―Error messages avoid the use of exclamation points.‖) 
 Q87 (―You can easily switch between the help system and your work.‖) 
 
5.3.2 Decision Tree Classification 
When these two subsets were used to run the three decision tree algorithms, the BN 
feature set was found to be the most accurate using the C4.5 algorithm. Therefore, 
this classifier family/decision tree algorithm combination was used to build the 
decision tree that represents users‘ preferences for Web search engines.  
 
Table 5.1: Dataset 1: Number of Features Selected per Family 
Gender 
Feature Sets 
Classifier 
Family 
Classifier # of 
Features 
Selected 
# of Features 
in Final Set 
BN BNC 32 
19 NB 24 
AODE 29 
KNN NN 27 
26 KNN 27 
K* 19 
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                                              Figure 5.3: Gender – Dataset 1 Decision Tree 
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The decision tree (Figure 5.3) and resulting decision rules (Table 5.2) highlight 9 
features. In general, the results show that females need more support from the 
interface in terms of navigation. For example, females think it important that there 
was always a way to get back to the homepage, that navigational buttons were 
labelled clearly and distinctly, that each window has a title and that work is not lost 
whilst navigating between multiple windows. In contrast, males had no preference or 
thought these things unimportant. A reason for this could be that in comparison to 
males, female users tend to experience more difficulty in finding their way 
effectively around the Internet and are more likely to feel lost and out of control 
(Ford, Miller and Moss, 2001). The features highlighted by this set of results relate to 
the way a user can locate information. Therefore, designers can help female users to 
complete their tasks more efficiently and regain control by providing such elements 
that will help them to locate information more clearly. For example, Q11 shows that 
female users think it is important or very important to arrange menu items 
alphabetically, whilst male users think it unimportant. In addition, it is also shown 
that males generally prefer to look at the system broadly, as they think it very 
important that they are easily able to understand what options are available to them 
(Q2). Females, on the other hand, prefer a much more detailed and linear approach 
(Roy, Taylor and Chi, 2003). Providing two types of navigation – one linear and one 
non-linear – that match with male and female navigation styles will help the two 
groups of users to navigate more efficiently. 
 
Table 5.2. Decision Rules for Gender Decision Tree 
Dataset Gender Decision Rules 
Dataset 
1: Web 
Searching 
M 
If users think it important or very important to understand 
what options are available to them, they are male. 
M 
If users think it very unimportant to understand what options 
are available to them, and think it very unimportant or 
unimportant for navigational buttons to be labelled clearly 
and distinctively, they are male. 
F 
If users think it very unimportant to understand what options 
are available to them, and think it very important or 
important for navigational buttons to be labelled clearly and 
distinctively, they are female. 
F 
If users think it very unimportant to understand what options 
are available to them, and have no preference for 
navigational buttons being labelled clearly and distinctively 
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5.3.3 Statistical Significance 
As with the previous two studies, the results were compared with a T-Test. All of the 
90 features were included and Table 5.3 shows the 25 found to be statistically 
significant (p=<0.05).  With the exception of Q57 and Q87, all of the other features 
highlighted on the decision tree can be found in this list and thus are statistically 
significant. 
 
Table 5.3. Statistical Significance of Features for Gender 
Dataset 1: Statistically Significant Features 
Q2, Q3, Q4, Q5, Q6, Q11, Q12, Q13, Q20, Q21, 
Q22, Q23, Q27, Q37, Q39, Q40, Q45, Q50, 
Q55, Q56, Q58, Q67, Q68, Q77, Q80 
 
 
5.4 Results: Dataset 2 – Web-Based Instruction Tools 
 
5.4.1 Feature Selection 
As discussed in the previous section, feature selection was performed on the twenty 
features obtained from Dataset 2 to create two subsets of features. These two subsets 
were then used to perform decision tree classification and the subset that had the 
highest classification accuracy was used to create a decision tree to represent users‘ 
preferences for WBI tools. 
 
Of the original twenty features, the BN family of classifiers selected 7 and the KNN 
family selected 8 (Table 5.4). When these two sets are compared, 7 features were 
commonly selected by both classifiers: 
 
 Q2 (―Examples given in this tutorial are not practical.‖) 
 Q6 (―I would have found it more helpful to be given a suggested route 
through this tutorial.‖) 
 Q9 (―It is hard to use back/forward buttons.‖) 
 Q10 (―The information provided by the map is too superficial.‖) 
 Q11 (―The links provided in this tutorial help me discover relationships 
between different topics.‖) 
 Q12 (―The map in this tutorial gives a meaningful framework of HTML.‖) 
 Q13 (―I was confused which options I wanted, as it provided too many 
choices.‖) 
 
Chapter 5 – Study 3: Cognitive Style vs. Prior Knowledge vs. Gender 95 
 
The Influence of Human Factors on Users‘ Preferences of Web-based Applications: 
A Data Mining Approach 
Table 5.4: Dataset 2: Number of Features Selected per Family 
Gender 
Feature Sets 
Classifier 
Family 
Classifier # of 
Features 
Selected 
# of Features 
in Final Set 
BN BNC 15 
7 NB 13 
AODE 11 
KNN NN 17 
8 KNN 15 
K* 10 
 
 
5.4.2 Decision Tree Classification 
Once these two feature sets were identified, three different algorithms were used to 
build decision trees. Their classification accuracies were then calculated. Like 
Dataset 1, The C4.5 algorithm had the best overall average and performed the most 
accurately using the BN feature set. Therefore, this classifier family/decision tree 
algorithm combination was used to build the decision tree that is used to represent 
users‘ preferences for Study 2 (Figure 5.4). 
 
The decision tree for Study 2 highlighted four features: Q10 (―The information 
provided by the map is too superficial‖), Q2 (―Examples given in this tutorial are not 
practical‖), Q11 (―The links in this tutorial help to discover the relationships 
between topics‖) and Q19 (―The tutorial can be used sufficiently well without any 
instructions‖). Those users that disagreed or strongly disagreed with Q10 were 
males, whilst those users that agreed or strongly agreed were females. Males have 
been shown to have less interest in reading Web page content and text than females 
(Leong and Hawamdeh, 1999), which could perhaps explain why male users are 
satisfied with the amount of information provided by the map. On the other hand, 
female users need more detailed information from the map and thus are dissatisfied if 
the map only contains an overview. Additionally, females have been shown to follow 
a much more linear pattern than males (Liu and Huang, 2008), whereas males prefer 
to use the hypertext links within the content (Roy, Taylor and Chi, 2003). This is
 96 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.4: Gender - Dataset 2 Decision Tree 
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reinforced by the results of Q11 where users who agreed that the links in the tutorial 
helped them to discover the relationships within topics  were male, whilst those that 
disagreed were female. In addition, female users disagreed that the tutorial could be 
used sufficiently well without any instructions (Q19), whereas male users were 
content with it as it was given. This could be because females tend, in general, to 
experience more difficulty in finding information online and feel less comfortable 
when using the Internet (Schumacher and Morahan-Martin, 2001). Furthermore, 
those users that agreed that the examples in the tutorial were not practical (Q2) were 
male, whilst those that disagreed were female.  
 
These results for Study 2 show that, in general, males are more positive toward this 
environment than females. Males tend to use the map to find relationships among 
topics and think that the map provides a sufficient amount of information. Females, 
on the other hand, need more additional human support and when interacting with 
this online environment. They also think that the map should provide more detailed 
information. 
 
5.4.3 Statistical Significance 
As with dataset 1, the results of dataset 2 were compared with a T-Test. All of the 
original 20 features were included and Table 5.5 shows the four found to be 
statistically significant (p=<0.05) to gender.  Two out of the four features highlighted 
in the decision tree were found to be statistically significant: Q2 and Q11. 
 
Table 5.5. Statistical Significance for Gender 
Dataset 2: Statistically 
Significant Features 
Q2 
Q6 
Q11 
Q13 
 
 
5.5 Dataset 1 vs. Dataset 2 
 
If we compare the results from these two studies, it is clear that male users place an 
emphasis on getting a global picture first, whereas female users focus more on depth 
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and getting detailed information. Males prefer to see all the information available and 
use the hypertext links to begin to filter out the most relevant information at an early 
stage. On the other hand, females prefer to follow a linear structure, e.g. the map, and 
build up the relationships between topics step-by-step. These findings agree with 
previous studies, such as Large, et al. (2002), which found that males tend to 
navigate in a much broader approach than females. Possible reasons for this include 
males being more familiar, comfortable and actively engaging in the Web 
environment than females. Designers should take this into consideration when 
designing the structure of a Web-based application and providing support for these 
two navigational styles. 
 
 
In addition, the results also showed that females need more additional support than 
males in using the Web-based applications. Because females are more uncertain and 
can easily get lost whilst navigating a website, they will more than likely require 
additional support in terms of different user interfaces and navigational facilities 
(Chen and Ford, 1998). This support could be given by providing elements that will 
help them to locate information more clearly (e.g. clearly labelled buttons or 
providing a link back to the homepage). 
 
 
5.6 Results: Cognitive Style vs. Previous Experience vs. Gender 
As stated in the introduction, the aim of this study is to examine the relationship 
between three human factors: cognitive style, system experience and gender. The 
previous section presented the results related to gender, so the following section will 
begin a detailed analysis of the similarities and differences between the human 
factors. 
 
5.6.1 Dataset 1 – Web Searching 
Table 5.6 presents some similarities among these three human factors based on the 
commonly selected features with BN and KNN classifiers (i.e. features that appear in 
both the BN and KNN feature sets), which are grouped into three categories, 
including content organisation, information format and additional support.  
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On closer inspection of Table 5.6, no one feature was selected by all three human 
factors. As shown in the fourth and final column in this table, there are the 
relationships between the human factors. The strongest relationship is between 
cognitive style and gender, with four common features (i.e., Q9, Q10, Q12, Q21) 
identified as relevant to both. Interestingly, all of these four features appear in the 
‗Information Format‘ category. This suggests that information format is a key factor 
in the relationship between cognitive style and gender. Among these four features, 
Q21 (―Each window has a title.‖) is particularly related to both dimensions of 
cognitive style and to gender.  
 
 The second strongest relationship is that of cognitive style and system experience, 
with three common features (i.e., Q15, Q30, Q77) identified as relevant to both.  
Apart from Q30, the other two features, i.e. Q15 and Q77, appear in the group of 
content organisation, which is a key factor for the relationship between cognitive 
styles and system experience. Among these three features, Q15 (―Relevant subject 
content appears on the same page‖) is selected as particularly relevant to both 
dimensions of cognitive style and both dimensions of system experience. On the 
other hand, the weakest relationship can be seen between system experience and 
gender, with just one common feature (Q12) identified as relevant to both. 
 
However, although the features in Table 5.6 were selected as relevant to multiple 
human factors in the feature selection stage, not all of them were highlighted at the 
classification stage (Table 5.7). Whilst three features were commonly selected by 
cognitive style and system experience in the feature selection stage, only Q15 is 
highlighted as a common feature in the classification stage. Furthermore, the results 
from the classification stage also indicate that Q12 (―The colour scheme matches 
with your preferences‖) is the only one common feature that links system experience 
and gender. Moreover, this stage fails to identify any commonly relevant features 
between cognitive style and gender and between Internet experience and gender. 
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Table 5.6: Dataset 1 - Table of Commonly Selected Features 
Feature 
No 
Description Category Selected by Human Factors 
C
S
A 
S
P
Q 
IE CE Gender 
Q2 You can easily 
understand what options 
are available to you. 
Content 
Organisation 
   x x 
Q9 The names of links and 
buttons are 
understandable. 
Information 
Format 
   x x 
Q10 High contrast colour 
scheme is applied to 
present the text and 
background. 
Information 
Format 
 x   x 
Q12 The colour scheme 
matches with your 
preferences. 
Information 
Format 
 x   x 
Q15 Relevant subject content 
appears on the same 
page. 
Content 
Organisation 
x    x 
Q21 Each window has a title. Information 
Format 
x x x x  
Q30 Online instructions 
appear in a consistent 
location across screens. 
Additional 
Support 
x x   x 
Q77 Only information 
essential to the task is 
displayed on the screen. 
Content 
Organisation 
x x  x  
 
 
Table 5.7. Dataset 1 - Classification Results 
Feature 
No 
Description Category Selected by Human Factors 
C
S
A 
S
P
Q 
IE CE Gender 
Q1 Every page is clearly 
marked with a label that 
indicates subject 
contents. 
Information 
Format 
 x    
Q3 There is some form of 
instruction to teach you 
how to do each activity. 
Additional 
Support 
   x  
Q9 The names of links and 
buttons are 
understandable. 
Information 
Format 
 x    
Q12 The colour scheme Information    x x 
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Feature 
No 
Description Category Selected by Human Factors 
matches with your 
preferences. 
Format 
Q15 Relevant subject content 
appears on the same 
page. 
Content 
Organisation 
x x x x  
Q16 The results are presented 
by the levels of the 
relevance. 
Content 
Organisation 
x   x  
Q21 Each window has a title. Information 
Format 
 x   x 
Q29 Error messages appear 
in the same location 
throughout the system. 
Additional 
Support 
   x  
Q30 Online instructions 
appear in a consistent 
location across screens. 
Additional 
Support 
   x  
Q31 Icons are clearly 
labelled. 
Additional 
Support 
   x  
Q33 Heavy use of all 
uppercase letters on a 
webpage has been 
avoided. 
Information 
Format 
   x  
Q36 Messages are 
appropriate, inoffensive, 
non-hostile or violent 
Additional 
Support 
x     
Q37 When the program 
presents numbers, 
integers are right-
justified and real 
numbers are decimal-
aligned. 
Information 
Format 
 x    
Q39 No more than four 
colours are utilised in 
each screen. 
Information 
Format 
   x  
Q43 When you are in trouble, 
you can receive 
feedback immediately. 
Additional 
Support 
 x    
Q59 Data inputs are case-
blind whenever possible. 
Information 
Format 
x     
Q65 A map that shows the 
structure of the subject 
content is available. 
Content 
Organisation 
x x    
Q75 The search engine 
provides you with 
multiple search options. 
Content 
Organisation 
x x    
Q78 The title of each page is 
short, simple, clear, and 
Information 
Format 
 x x   
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Feature 
No 
Description Category Selected by Human Factors 
distinctive. 
Q2 You can easily 
understand what options 
are available to you. 
Content 
Organisation 
    x 
Q6 There is always a way to 
get back to the home 
page from any other 
pages. 
Content 
Organisation 
    x 
Q11 Menu items are arranged 
alphabetically. 
Content 
Organisation 
    x 
Q22 Navigation buttons are 
labelled clearly and 
distinctively. 
Information 
Format 
    x 
Q50 Error messages avoid 
the use of exclamation 
points. 
Content 
Organisation 
    x 
Q87 You can easily switch 
between the help system 
and your work. 
Content 
Organisation 
    x 
 
5.6.2 Dataset 2 – Web-Based Instruction 
As with the first dataset, Table 5.8 presents the similarities among the three human 
factors based on the commonly selected features with BN and KNN classifiers (i.e. 
features that appear in both the BN and KNN feature sets). Again, like the first 
dataset, they can be grouped into three categories, which include content 
organisation, information format and additional support. Additionally, it can be seen 
that like the first dataset, no one feature was selected as relevant by all three human 
factors. However, there are some relationships between the human factors. The 
strongest relationship can be seen between cognitive style and gender, as three 
common features (Q2, Q9, Q11) were identified as relevant to both human factors. In 
particular, Q9 (―It is hard to use back/forward buttons.‖) is related to both 
dimensions of cognitive style and to gender. The second strongest relationship is that 
of cognitive style and system experience, with two common features (Q14, Q15). In 
particular, Q15 (―I found it hard to select relevant information using the map.‖) is 
selected as relevant to both dimensions of cognitive style and both dimensions of 
system experience. On the other hand, the weakest can be seen between system 
experience and gender, with only one common feature (Q12 (―The map in this 
tutorial gives a meaningful framework of HTML.‖) selected as relevant to both. 
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Table 5.8 presents the features identified at the classification stage. Whilst there were 
three features selected in the feature selection stage, two of these features (Q2, Q11) 
were selected for cognitive style and gender in this second phase. Additionally, the 
two features that were selected in the feature selection stage were not highlighted in 
the classification stage, although Q7 was identified as being relevant to both 
cognitive style and system experience. However, no features are selected for system 
experience and gender. 
 
Although not as clear as in the first dataset, the third and fourth columns in Table 5.9 
show that two out of the four features selected as relevant to gender are categorised 
as ‗Information Format‘. One of these features is relevant to cognitive style and 
gender, whereas the other is relevant to system experience and gender. 
 
 
Table 5.8. Dataset 2 - Table of Commonly Selected Features 
Feature 
No 
Description Category Selected by Human Factors 
CSA SPQ IE CE Gender 
Q2 Examples given in this 
tutorial are not practical. 
Information 
Format 
 X   X 
Q9 It is hard to use 
back/forward buttons. 
Content 
Organisation 
X X   X 
Q11 The links provided in 
this tutorial help me 
discover relationships 
between different topics. 
Content 
Organisation 
X    X 
Q12 The map in this tutorial 
gives a meaningful 
framework of HTML. 
Information 
Format 
  X  X 
Q14 After using this system I 
can easily use my 
knowledge to design 
home pages. 
Additional 
Support 
X  X X  
Q15 I found it hard to select 
relevant information 
using the map. 
Information 
Format 
X X X X  
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Table 5.9: Dataset 2 - Classification Results 
Feature 
No 
Description Category 
Selected by Human Factors 
CSA SPQ IE CE Gender 
2 
Examples given in this 
tutorial are not practical. 
Information 
Format 
 X   X 
6 
I would have found it 
more helpful to be given 
a suggested route 
through this tutorial. 
Content 
Organisation 
X X    
7 
I would like to have 
more examples. 
Information 
Format 
 X X   
9 
It is hard to use 
back/forward buttons. 
Content 
Organisation 
X X    
10 
The information 
provided by the map is 
too superficial. 
Information 
Format 
    X 
11 
The links provided in 
this tutorial help me 
discover relationships 
between different topics. 
Content 
Organisation 
 X   X 
14 
After using this system I 
can easily use my 
knowledge to design 
home pages. 
Additional 
Support 
  X   
15 
I found it hard to select 
relevant information 
using the map. 
Information 
Format 
  X X  
18 
It is easy to find a route 
for a specific task with 
the index. 
Information 
Format 
X X    
19 
This tutorial can be used 
sufficiently well without 
any instructions. 
Additional 
Support 
    X 
 
 
5.6.3 Dataset 1 vs. Dataset 2 
Figure 5.6 summarises the relationships between the three human factors analysed in 
this study. It is immediately clear to see that the links between cognitive style and 
gender and cognitive style and system experience are stronger than the link between 
system experience and gender. Although the previous sections do not provide any 
evidence that there is a strong link between the three human factors, this nonetheless 
shows that there are obviously some similarities between them. In addition, the two 
datasets also highlighted the finding that the features linking cognitive style and 
gender are related to information format. This was more prominent in the first 
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dataset, with four out of four of the features belonging to this category, whereas only 
one out of the three was present in the second dataset. However, gender was still one 
of the human factors with the other two features. This suggests that information 
format is a key factor in the relationship between cognitive style and gender and 
designers should take this in consideration when designing interfaces that 
accommodate two human factors. 
 
It is also noteworthy to mention that more prominent relationships were found in the 
feature selection stage, rather than the classification stage. The classification aims to 
further narrow down the number of features so that only the most relevant features 
related to that particular human factor are included. As the features sets selected in 
the feature selection stage are not so refined, this suggests that the differences linking 
the human factors are more general than the key features that are at the base 
preferences of each human factor. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 Figure 5.5: Relationship between Cognitive Style, Gender and System Experience 
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Chapter 6 – Development of an Integrated Model 
 
6.1. Introduction 
As Web-based applications become accessible to a wider audience, researchers and 
designers alike are faced with the challenge of identifying the varying effects of 
human factors and accommodating them in Web-based applications. Among many 
human factors, cognitive style, previous experience and gender differences 
significantly influence users‘ interactions with Web-based applications. Chapter 2 
presented a detailed review of the past literature that gives evidence to such 
influence, whilst Chapters 3, 4 and 5 presented studies that aimed to investigate the 
relationships between these three human factors upon users‘ preferences of Web-
based applications. More specifically, Chapter 3 investigated the influence of 
cognitive style and the relationship between two types of cognitive style, Field 
Dependence/Independence and Holism/Serialism. Chapter 4 investigated the 
influence of system experience and the relationship between Internet experience and 
computer experience. Chapter 5 combined the results of the previous two studies and 
those of the influence of gender differences to investigate the relationship between 
cognitive style, system experience and gender on users‘ preferences of Web-based 
applications.  
 
This chapter begins by presenting an integrated model of the relationships between 
these three human factors. Based on this model, the chapter then goes on present 
some design guidelines for the development of more effective Web-based 
applications. 
 
6.2. Development of an Integrated Model 
 
6.2.1 Dataset 1: Web Search Tools 
Figure 6.1 summarises the findings of these chapters for Dataset 1, Web Searching. 
Upon closer examination of this figure, it is clear to see that there are four features 
that are linked by more than one human factor. The following points describe and 
provide suggestions for the reasons for these relationships. 
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 Q15 (―Relevant subject content appears on the same page‖) links three 
dimensions: cognitive style (FD/I), cognitive style (H/S) and Internet 
experience. Field Independent users, Serialists and users with high levels of 
Internet experience all find this feature very important. Field Independent 
users are very analytical and task orientated (Ford et al., 1994) and dislike to 
spend their time reviewing irrelevant information. In addition, Serialists have 
a comparatively narrow focus when completing a task and prefer to focus on 
individual parts of a specific topic (Pask, 1979). Therefore, having relevant 
content appearing on the same page will help them to maintain this focus. 
Furthermore, the more Internet experience a user has, the more it is expected 
that they would be aware of the cues and features that can help them to 
complete their tasks with more efficiency. Having relevant content that 
appears on the same page saves the users time in not having to go searching 
for it. 
 
 Q16 (―Results are presented by level of relevance‖) is linked by two different 
dimensions: cognitive style (FD/I) and computer experience. Field 
Independent users find this feature important, whereas Field Dependent users 
and users with lower levels of computer experience find this unimportant. 
Field Independent users are able to synthesise important information (Witkin, 
et al., 1977), which they can do quickly and easily if results are presented by 
level of relevance. On the other hand, Field Dependent users are less analytic 
and look for the broader picture. They struggle with individual elements and 
detail, so having results presented to them by level of relevance might not 
help them attain this global picture. In the same way that Field Dependent 
users prefer an overall picture, those users with lower levels of computer 
experience lack the previous experience necessary to gain an understanding 
of their environment. In this case, they will be more focussed on gaining an 
overall picture than trying to focus on the links between a specific part. 
 
 Q65 (―A map that shows the structure of the content is available‖) links the 
two cognitive style dimensions, Field Dependence/Independence and 
Holism/Serialism. Holists and Field Dependent users find this feature very 
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important, whilst Serialists find it unimportant. Both Holists and Field 
Dependent users look for a global understanding before seeking out detailed 
information (Witkin, 1977; Pask, 1979). The map is perfect for helping them 
to understand the relationships between elements. On the other hand, the 
Serialist prefers to work through content in detail, topic by topic, only 
building up the global picture once a global understanding has been reached. 
An index would be more suitable for a Serialist.  
 
 Q21 (―Each window has a title‖) links two dimensions: cognitive style (H/S) 
and gender differences. Holists and males find this feature very unimportant, 
whilst Females find this feature very important. Females tend to get more 
confused with the surrounding environment and so would look for cues such 
as window titles or link titles to orientate themselves (Riding and Al-
Sanabani, 1998). Holists, on the other hand, are internally motivated and are 
able to create conceptual links without the need to rely on such cues. 
 
 Q12 (―The colour scheme matches with your preferences‖) links two 
dimensions: computer experience and gender differences. Both female users 
and those with lower levels of computer experience find this unimportant. 
When involved in a task, those users with lower levels of experience would 
focus more on learning what is needed to complete the task (i.e. which button 
to click), rather than the aesthetics of the surrounding environment. This is 
the same for females, who tend to be more anxious in online environments 
(Abbott and Bienvenue, 2007). 
 
 
6.2.2 Dataset 2: Web-based Instruction Tools 
Figure 6.2 summarises the findings of the previous three chapters for Dataset 2, 
Web-based instruction tools. Upon closer examination of this figure, it is clear to see 
that there are five features that are linked by more than one human factor. The 
following points describe and provide suggestions for the reasons for these 
relationships. 
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 Q11 (―The links provided in this tutorial help me to discover the relationships 
between different topics‖) links two dimensions: cognitive style (H/S) and 
gender differences. Females and Holists disagree with this feature, whilst 
males and Serialists agree. Holists are internally motivated and are able to 
compile linking structures by themselves. Serialists, on the other hand, are 
externally motivated and look to structure cues such as links to navigate 
content. In addition, females are more exhaustive in their search for 
information and rely on a broad range of information from a variety of 
external sources (Meyers-Levy, 1988).  Thus, females would require more 
links than males.  
 
 Q7 (―I would have liked to have more examples‖) links two dimensions: 
cognitive style (H/S) and Internet experience. Serialists tend to analyse theory 
and application separately, concentrating first on understanding (Pask, 1979). 
In addition, higher levels of Internet experience will already have the 
application knowledge and this will focus more on theoretical understanding. 
Lower levels of Internet experience, however, will not have this application 
knowledge and will therefore need a base (i.e. examples) with which to 
understand the theoretical content. 
 
 Q2 (―Examples in this tutorial are not practical‖) links two dimensions: 
cognitive style (H/S) and gender differences. Males, Serialists and Holists 
agree with this feature, whereas females strongly disagree. This finding 
suggests that Holists and Serialists show similar preferences. However, 
females and males reacted to this issue differently. More specifically, females 
appreciate the examples presented in this tutorial but males need highly 
practical examples.  
 
 Q6 (―I would have found it more helpful to be given a suggested route though 
this tutorial‖) links three dimensions: cognitive style (FI/FD), cognitive style 
(H/S) and gender differences. Females strongly disagree with this feature, 
whereas Field Dependent users and Serialists strongly agree with this feature. 
Field Dependent users and Serialists are externally motivated (Witkin, 1977; 
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Pask, 1979) and will therefore prefer cues and suggested content structure 
that will help them to navigate the content. Females prefer a more exhaustive 
search and draw information in from a variety of external references (Meyers-
Levy, 1988). Perhaps, therefore, a suggested route is not suitable for them 
because it is not a comprehensive enough approach. 
 
 Q18 (―It is easy to find a route for a specific task in the index‖) links the two 
cognitive style dimensions: Field Dependence/Independence and 
Holism/Serialism. Holists disagree with this feature, whereas Serialists and 
Field Independent users agree with this feature. Serialists and Field 
Independent users prefer a local analytical approach to approaching a task 
(Pask, 1979; Witkin, 1977). Therefore, an index, which provides a detailed 
listing often in alphabetical order, is perfect for them as they are not 
concerned with the global understanding until a local understanding has been 
reached. Holists, on the other hand, prefer to get a global picture at the 
beginning and an index does not provide this facility.  
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Figure 6.1. Integrated Model of the Influence of Human Factors on Users’ Preferences of Web Search Tools 
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Figure 6.2. Integrated Model of the Influence of Human Factors on Users’ Preferences of Web-Based Learning Tools 
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6.3. Implications for System Design 
The integrated models shown in Figures 1 and 2 have implications for the design of 
Web-based applications. Table 6.1 presents a summary of the key elements taken 
from the models that designers should take into consideration when developing 
effective Web-based applications. 
 
Upon closer analysis of Table 6.1, it is clear to see that specific categories of 
guidelines are more relevant to some human factors than to others. For example, the 
categories of navigation and content presentation seem to be very important to 
cognitive styles. These categories refer to the way users organise and represent 
information, which is significant because this is the definition of cognitive style 
(Riding and Rayner, 1998). Thus, designers should pay specific attention to these 
categories when designing for users with different cognitive styles. In addition, the 
category of Information Format seems to be especially important to system 
experience. The higher a user‘s level of experience, the more they will be aware of 
which features will help them to complete their tasks with more efficiency. 
Therefore, having information in a format that allows them to locate it efficiently 
will help them to achieve this task. Designers who are developing Web-based 
applications for users with different levels of system experience should take 
particular notice of these issues. Furthermore, content presentation and additional 
support seem to be particularly important to gender differences.   
 
6.4. Benefactors 
The goal of this study was to investigate the influence of human factors on users‘ 
preferences so that a framework could be developed that can help to inform the 
design of Web-based applications. This framework was developed in Section 6.2. 
Such a framework is beneficial to several parties. 
 
 System Designers 
First and foremost, the framework will be a benefit for system designers of Web-
based applications. The design of usable and effective Web-based applications 
relies upon the design being compatible with users‘ characteristics (Dillon and 
Zhu, 1997). This investigation looked at how users‘ characteristics (human 
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factors) affected their preferences and this is captured within the framework. 
Therefore, designers are empowered by applying this framework and 
considering the design implications. 
 
 Users/Students 
Directly as a result of allowing system designers to create more usable and 
effective systems, the framework will bring long term benefits to the end users 
and students of the Web-based applications. Interacting in an environment that 
more effectively supports their needs and preferences will help to promote their 
learning and task performance. 
 
 Academics and Researchers 
This investigation will be of interest to many different academic disciplines, 
including data mining, human-computer interaction (HCI), and information 
retrieval. In particular, the framework is of great interest because it is one of the 
very few studies that take a step in the direction of analysing the combined 
effects of multiple human factors. 
 
 Other types of Web-based applications 
Although the framework was developed using only two Web-based applications, 
the framework can be generalised across a multitude of applications, for 
example, Internet shopping applications. This would help to enhance the 
effectiveness of all Web-based applications by helping designers to better 
understand users‘ needs and preferences. 
 
 
 
  
Table 6.1. Design Implications for Web-Based Applications 
Design Guidelines 
Cognitive Style System Experience Gender 
FD FI Holist Serialist IE 
Novice 
IE 
Expert 
CE 
Novice 
CE 
Expert 
Male Female 
Navigation           
Index  X  X       
Hierarchical Map X  X        
Main menu is alphabetically ordered          X 
Back/forward buttons  X         
Content Presentation           
Suggested route through content X   X       
‗Home‘ link on every page          X 
Multiple options for completing the same tasks X          
Different options are clearly shown         X  
Provide links within the text that show the 
relationships between subjects 
   X     X  
Relevant subject content appears on the same page  X    X     
Results presented by level of relevance  X         
Information Format           
Case-blind data inputs X          
Each window has a title that is short, distinctive 
and relevant to subject content 
  X   X   X X 
User can customise layout to their preferences (i.e. 
font style, size and colour) 
       X   
Easy to understand what icons are selected.       X    
Additional Support           
Lots of practical examples   X X X    X X 
Immediate feedback           
System messages and instructions appear in 
consistent locations across screens 
      X    
Ability to switch between help system and work 
with data not being lost 
        X X 
  
Design Guidelines 
Cognitive Style System Experience Gender 
FD FI Holist Serialist IE 
Novice 
IE 
Expert 
CE 
Novice 
CE 
Expert 
Male Female 
Additional support for each action is provided in 
the form of instructions or help. 
         X 
Avoid use of ! in error messages          X 
Messages are appropriate, inoffensive, non-hostile 
and non-violent. 
 X         
Provide feedback immediately if user gets into 
trouble 
  X        
Additional support needed after learning to apply 
knowledge in another scenario 
         X 
Additional instructions about how to complete each 
task is given. 
      X    
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Chapter 7 – Conclusion 
 
7.1 Introduction 
The aim of this chapter is to briefly review the process and outcomes of the investigation 
reported within this thesis. In the very first chapter of this thesis, two aims and three research 
questions were identified. The achievement of these aims is reviewed in the following 
sections before the limitations and future research directions of this study are discussed. 
 
7.2 Investigating the Relationships Between Human Factors 
The first of the main aims of this thesis was to investigate the relationships between three 
human factors – cognitive style, system experience and gender differences – using users‘ 
preferences of Web-based applications. As Web-based applications become more 
widespread, designers have to accommodate the needs of a wider audience with a diverse set 
of preferences. Investigating the human factors that affect users‘ preferences will help both 
researchers and designers to develop effective Web-based applications for the future. In 
recognising the importance of such an investigation, a detailed review of existing literature 
was conducted in Chapter 2. From this, Chapter 3, 4 and 5 conducted three studies that aimed 
to provide answers to this aim through answering three key research questions. These 
research questions are stated in the following sections with the key findings from the 
corresponding study. 
 
7.2.1 Research Question 1 
In terms of cognitive style, to what extent is the similarity between the two dimensions 
Witkin‟s Field Dependence/Independence and Pask‟s Holism/Serialism? 
 
Chapter 3 presented Study 1, which investigated the influence of cognitive style on users‘ 
preferences for Web-based applications. More specifically, the relationship between the two 
cognitive style dimensions, Field Dependent/Independent and Holist/Serialist, was analysed 
with the aim of identifying whether previous researchers are correct in their assumptions that 
Field Dependent individuals have similar preferences to Holists, and Field Independent 
individuals have similar preferences to Serialists. The results of the study suggested that 
whilst these two relationships were the strongest in both datasets, there were relationships 
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between Field Dependent individuals and Serialists, and Field Independent individuals and 
Holists. This contradiction appears in the results for Dataset 2, for the feature Q6 (―I would 
have found it more helpful to be given a suggested route through the tutorial‖). Field 
Independent users and Holists were shown to disagree with this statement, whilst Field 
Dependent users and Serialists were shown to agree with this statement. Possible reasons for 
this might be because it is in the nature of both Field Dependent users and Serialists to be 
externally directed and prefer a structured presentation of information (Witkin et al., 1977; 
Pask, 1979). On the other hand, Field Independent users and Holists are more internally 
directed and are better able to impose their knowledge on the structures around them. Thus, 
they are able to flourish in an environment that allows them to choose their own paths. 
 
7.2.2 Research Question 2 
In terms of system experience, to what extent do computer experts have the same preferences 
as Internet experts and computer novices have the same preferences as Internet novices?  
 
Chapter 4 presented Study 2, which investigated the influence of system experience on users‘ 
preferences for Web-based applications. In particular, the relationship between the two 
dimensions of system experience, Internet experience and computer experience, was 
analysed. The aim was to confirm or disprove the hypothesis that Internet novices are like 
computer novices and Internet experts are like computer experts. The results showed that 
although there are some similarities between the two dimensions, the two are not equally 
alike. More specifically, this is shown by the results of Dataset 2, through the appearance of 
feature Q15 (―I found it hard to select relevant information using the map‖). The more 
Internet experience users had, the easier it was for them to find relevant information using the 
map structure. However, this did not necessarily mean that the more computer experience 
students had, the easier it was for them to find information using the map structure, as those 
with high levels of computer experience found it difficult to use the map structure to find 
relevant information. This suggests that computer experience is not entirely comparable to 
Internet experience, as users would have difficulty in applying their computer knowledge to 
an Internet environment. 
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7.2.3 Research Question 3 
In terms of the relationship between the three human factors, to what extent are Field 
Independent users, experts and males alike, and Field Dependent users, novices and females 
alike? 
 
Chapter 5 presented Study 3, which investigated the influence of gender on users‘ preferences 
for Web-based applications. In addition, the study in this chapter combined these gender 
results with the results from Study 1 and Study 2 to analyse the relationship between the three 
human factors: cognitive style, system experience and gender. The aim of this investigation 
was to confirm or disprove the hypothesis that Field Independent users, experts and males are 
alike and Field Dependent users, novices and females are alike. Although this study could not 
provide any definitive evidence for such a relationship, there were nonetheless relationships 
defined among the human factors. In particular, the relationships between cognitive style and 
gender and between cognitive style and system experience were found to be stronger than the 
relationship between system experience and gender. Furthermore, the features that link 
cognitive style and gender were found to be related to information format, which suggests 
this is a very important factor in the relationship between the two. 
 
7.3 Identifying a Suitable Analysis Method 
The second main aim of this thesis was to identify a suitable data analysis methodology that 
could a) overcome the natural fuzziness of human preferences data, b) avoid the need to make 
predefined assumptions about the data, and c) have the ability to compare multiple human 
factors at the same time. 
 
This aim was achieved by using an integrated data analysis model that combined the data 
mining techniques of feature selection and decision tree classification. This method was 
successful in terms of overcoming the natural fuzziness of human preferences data as the 
feature selection stage help to ‗weed out‘ the irrelevant data. In addition, the classification 
stage enabled the identification of the most accurately classified feature set. Thus, the most 
accurate feature set was classified with the most accurate decision tree algorithm to produce 
what we can assume to be the decision tree that most accurately demonstrates users‘ 
preferences for both Web search engines and Web-based instruction tools. 
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Although this method proved very effective when analysing the relationships between 
different dimensions of the same human factor (i.e. Field Dependence/Independence and 
Holism/Serialism, or Internet experience and computer experience), the results were not so 
fruitful when analysing the relationships between the human factors themselves (i.e. 
cognitive style, system experience and gender differences). There could be two possible 
reasons for this. Firstly, there truly is no relationship between these three human factors, at 
least within the datasets studied within this thesis. Further investigations involving multiple 
other datasets could confirm and test this issue. Secondly, the integrated data mining data 
analysis model was used in order to create highly relevant decision trees for a specific 
dimension of a human factor. Thus, only the most relevant issues for each dimension are 
highlighted within the decision tree. Perhaps this method is too specific, especially if the 
characteristics that link the human factors are not included in these most relevant issues, 
rather they are located slightly farther afield. This hypothesis is in agreement with the results 
of Study 5, as the majority of features that linked the human factors were found in the feature 
selection stage, i.e. before only the most relevant features were selected. This issue can be 
tested through performing additional investigations where both the feature selection results 
and the decision tree classification results are compared and combined. 
 
7.4 Significance of Thesis 
The significance of this thesis lies within two different aspects, including theory and 
methodology. 
 
• In regards to theory, this investigation helps to deepen the understanding of the 
differences of different types of users within different dimensions of human factors, 
i.e. Field Dependent users, Field Independent users, Holists, Serialists, Internet 
novices, Internet experts, computer novices, computer experts, males and females. In 
addition, this investigation also helps to identify the interactions between human 
factors, taking a step forward into understanding the combined effects of multiple 
human factors. Suggestions for design and development were proposed to assist in the 
continued effectiveness of Web-based applications. 
 
• In regards to methodology, this study uses an integrated data mining analysis 
approach that combines the techniques of feature selection and decision tree 
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classification. The main significance of this methodology lies within its ability to 
accurately classify the most relevant feature sets in order to identify the decision trees 
that most accurately demonstrates users‘ preferences for Web-based applications. 
 
7.5 Limitations and Suggestions for Future Work 
Every piece of research has its associated limitations that can undoubtedly affect the 
conclusions reached. However, these limitations can often provide a starting point for future 
research. The following sections summarise the limitations of the research presented in this 
thesis and suggest possible avenues for future research. 
 
• The investigation in this thesis was carried out using just two datasets, one that 
contained users‘ preferences for Web-searching and one that contained users‘ 
preferences for Web-based instruction tools. Although it was possible to identify a 
set of design guidelines based upon the analysis of these two datasets, future 
research should expand the investigation into other Web-based applications. For 
example, Internet banking or e-Stores. By doing so, the findings of this investigation 
can be verified and strengthened. In addition, it would be interesting to see if the 
results of this study are common across multiple Web-based applications.  
 
• In Study 1, users‘ cognitive styles were identified using just two tests: the Cognitive 
Styles Analysis (CSA) to determine Field Dependence/Independence and the Study 
Preference Questionnaire (SPQ) to determine Holism/Serialism. Further works 
should look at using additional tests to identify users‘ cognitive styles, such as the 
Group Embedded Figures Test (GEFT), to see if the same results are obtained. 
 
• In Study 2, users‘ level of Internet and computer experience was measured by the 
users themselves. Consequently, users may not have an accurate idea of their own 
levels of experience and thus this self-rating could influence the accuracy of the 
results. Further research could use other more objective measures, e.g. quantitative 
measures of previous exposure to computers and the internet, to verify these results 
presented in this study. 
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• In Study 3, the relationship between just three human factors were analysed, 
including cognitive style, system experience and gender differences. There are a 
multitude of other human factors, such as age and domain knowledge, so it would be 
interesting to identify the relationships between these human factors. In addition, it 
would be interesting to see if the relationship between specific human factors is 
highlighted in specific Web-based applications. The benefits of doing this would be 
to reduce the amount of different interfaces and instead focus on the more significant 
factors to help develop effect Web-based applications. 
 
• In terms of the integrated data mining approach, only six classifiers from two 
different families were used in the feature selection stage to select relevant features. 
In addition, only three algorithms were used in the decision tree classification stage. 
It would be interesting to extend the range of classifiers (e.g. SVM or Neural 
Networks) and decision tree algorithms (e.g. CHAID) to see if similar results are 
obtained. 
 
• As previously mentioned, this thesis investigated the relationships between human 
factors through the use of two datasets. These datasets were small in size, i.e. 
Dataset 1 contained 90 features with 120 data instances and Dataset 2 contained 20 
features with only 65 data instances. In the original application areas of data mining 
techniques, such as Bioinformatics, thousands of features and data instances are 
used. Although getting hold of a user preferences dataset this size would be very 
difficult, it would be interesting to see if the integrated data mining analysis 
approach would produce the same results. 
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Appendix A 
Dataset 1: Web Search Tools Exit Questionnaire 
Visibility of System Status 
1. Every page is clearly marked with a label that indicates subject contents. 
2. You can easily understand what options are available to you. 
3. There is some form of instruction to teach you how to do each activity. 
4. There is visual feedback when objects are selected. 
5. It is easy to understand which icon has been selected. 
6. There is always a way to get back to the home page from any other pages.  
7. You can easily identify where you are in the Web Site 
8. Navigation scheme is consistent throughout the whole program. 
9. The names of links and buttons are understandable.  
10. High contrast colour scheme is applied to present the text and background. 
Match Between System and the Real World 
11. Menu items are arranged alphabetically. 
12. The colour scheme matches with your preferences.  
13. The length of the page matches with your expectation. 
14. The program avoids using computer jargon/technical terms. 
15. Relevant subject content appears on the same page.  
16. The results are presented by the levels of the relevance.  
17. Each topic is explained in detail. 
18. The subject content is divided into categories that are meaningful to you. 
19. From the menu list, you can see the relationships among the sub-topics 
presented in the menu. 
20. There are sufficient topics in the menu list. 
21. Each window has a title. 
22. Navigation buttons are labelled clearly and distinctively. 
User Control and Freedom 
23. You can control your browsing paths by yourself. 
24. You can move back and forward between different search options. 
25. It is easy to pick up the relevant information directly. 
26. You can customise the layout, for example change the font size or link colour.  
27. There are sufficient links for you to link the relevant concepts.  
28. For menus with multiple levels, there is a mechanism that allows you to go 
back to the previous level.  
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Consistency and Standards 
29. Error messages appear in the same location throughout the system. 
30. Online instructions appear in a consistent location across screens.  
31. Icons are clearly labelled. 
32. There are not too many types of icons. 
33. Heavy use of all uppercase letters on a webpage has been avoided. 
34. Icons and navigation buttons are consistent from one screen to another.  
35. Consistent colour scheme is used in the system.  
36. Messages are appropriate, inoffensive, non-hostile or violent. 
37. When the program presents numbers, integers are right-justified and real 
numbers are decimal-aligned. 
38. Vertical and horizontal scrolling is possible in each window 
39. No more than four colours are utilised in each screen.  
40. Messages are grammatically correct.. 
41. Bold fonts or larger fonts are only used for emphasising important information.  
Help Users Recognize, Diagnose, and Recover From Errors 
42. Error messages are stated constructively, without overt or implied criticism to 
you. 
43. When you are in trouble, you can receive feedback immediately.  
44. Messages are brief and unambiguous. 
45. Multiple levels of error-message details are available.  
46. All error messages in the system use consistent grammatical style, form, 
terminology, and abbreviations. 
47. The program highlights the error that you have made. 
48. Error messages let you know the cause of the problem. 
49. Error messages suggest what action you need to take to correct the error. 
50. Error messages avoid the use of exclamation points. 
51. There are FAQs to help you correct the errors 
52. Sound is used to indicate an error.  
53. The error messages are humorous.  
54. You can switch off an error message.  
Error Prevention 
55. You will not get stuck when you make a mistake. 
56. The buttons that can cause serious consequences are located far away from 
low-consequence and high-use keys. 
57. When you navigate between multiple windows, the data are not lost.  
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58. Drastic and destructive consequences of your action always require your 
confirmation.  
59. Data inputs are case-blind whenever possible. 
60. The options that are used less frequently are located in the less-convenient 
positions. 
61. When you navigate between multiple windows, the titles are easy to identify. 
Recognition Rather Than Recall 
62. Bright text colours are used to emphasise the most important subject and 
darker, duller, and de-saturated colours are used to de-emphasize the least 
important subject.  
63. White space is used to create symmetry and attract your attention to the 
appropriate direction. 
64. Sections have been separated by spaces, lines, colour, letters, bold titles, rules 
lines, or shaded areas. 
65. A map that shows the structure of the subject content is available.  
66. The same background colour is used to present the content within a section. 
67. Different colours are used to discriminate links that you have visited from 
links that you have not visited. 
68. Prompts, cues and messages are placed where the eyes are likely to be looking 
on the screen. 
69. There is a paragraph to introduce the content of each key topic. 
70. Different colours are used to differentiate different subject topics. 
Flexibility and Efficiency of use 
71. Multiple levels of detail are applied to illustrate the subject content. 
72. The program provides short cuts to access detailed information directly.  
73. There is a detailed alphabetical index to help you locate specific information.   
74. The system allows you to decide what topics should be looked at first. 
75. The search engine provides you with multiple search options. 
Aesthetic and Minimalist Design 
76. Icons of different groups are visually distinctive. 
77. Only information essential to the task is displayed on the screen. 
78. The title of each page is short, simple, clear, and distinctive.  
79. Menu items are brief, yet long enough to describe the subject content. 
80. There are some nice pictures to decorate the layout.  
81. Relevant icons and buttons are grouped together.  
Help and Documentation 
82. Online instructions are visually distinctive 
83. It is easy for you to find the HELP button.  
84. The layout of the online help is consistent with the main text.  
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85. The help provides you with step-by-step procedures.  
86. The help can provide you with enough information to illustrate common 
errors.  
87. You can easily switch between the help system and your work. 
88. Help is presented as pop-up window to let you do your task and consult the 
help system at the same time.  
89. There is an alphabetical index to help you to locate information within the help 
system. 
90. It is easy to access and return from the help system. 
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Appendix B 
Dataset 2: Web-Based Instruction Exit Questionnaire 
# Question 
1 
It is difficult to learn the basics of HTML using this tutorial without the help of a 
person. 
2 Examples given in this tutorial are not practical. 
3 I felt the structure of this tutorial is not clear. 
4 I sometimes got lost because the buttons made me feel confused. 
5 I spent a lot of time getting to know how to use this tutorial. 
6 
I would have found it more helpful to be given a suggested route through this 
tutorial. 
7 I would like to have more examples. 
8 I would prefer to learn from human tutor than from this tutorial. 
9 It is hard to use back/forward buttons. 
10 The information provided by the map is too superficial. 
11 
The links provided in this tutorial help me discover relationships between different 
topics 
12 The map in this tutorial gives a meaningful framework of HTML. 
13 I was confused which options I wanted, because it provided too many choices. 
14 After using this system I can easily use my knowledge to design home pages. 
15 I found it hard to select relevant information using the map. 
16 I like the fact that it allowed me to learn topics in any order. 
17 I like the fact that this tutorial allowed me to work at my own pace and direction. 
18 It is easy to find a route for a specific task with the index. 
19 This tutorial can be used sufficiently well without any instructions. 
20 I felt difficult to browse pages containing texts and links in the same pages. 
 
